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Introduction
This report explains my R solution for the Smart Warehouse Inventory Simulation. The program creates 840 records from 28 days, 5 zones and 6 product categories. Each record contains the day, zone, category, units processed and processing time. The main work uses base R data frames, vectors, matrices, nested loops and if statements because the task prohibits high-level aggregation functions, tidyverse summaries and user-written functions.
No literature review is required. A small set of authoritative sources is used to support the programming, testing, documentation and flowchart choices (1,2).
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The script starts with a full header, sets the Rejection sampling method and uses seed 123. R identifies set.seed and RNGkind as controls for reproducible random generation, and records that the sample method changed in R 3.6.0 (3). Fixed values are stored in named variables and the expected row count is 28 × 5 × 6.
The warehouse_data data frame is pre-allocated with 840 rows and five columns. A data frame is a collection of equal-length variables, so it fits this rectangular record structure (1). Three nested loops move through day, zone and category. Each iteration generates the random variation, applies both formulas, writes five values and increases row_index. This gives one row per combination.
Parts B and C use an outer loop for each zone or category and an inner loop for all records. Running totals and counts are reset at the start of each group, so the required totals and averages are calculated without aggregate or summarise functions.
Part D stores totals and counts for each day-zone pair in matrices, converts them to averages and flags records outside the 85%–115% interval. Part E totals each zone-day pair and keeps the largest daily value. A tie retains the earlier day because the comparison uses > rather than >=. These are direct uses of R's for and if control structures (2).


Flow chart
	[TERMINATOR] START

	↓

	[PROCESS] Set sample method, seed and fixed constants

	↓

	[PROCESS] Pre-allocate warehouse_data with 840 rows

	↓

	[PROCESS] Nested loops: day → zone → category; calculate and store each row

	↓

	[PROCESS] Calculate zone totals and category averages with loops

	↓

	[PROCESS] Calculate daily zone averages

	↓

	[DECISION] Is UnitsProcessed outside 85%–115% of the daily zone average?

	YES → Anomaly = TRUE
	NO → Anomaly = FALSE

	↓

	[PROCESS] Calculate zone-day totals and select the highest day for each zone

	↓

	[TERMINATOR] Display outputs and FINISH



Figure 1. Loop-based solution flow using standard terminator, process and decision labels. The flowchart notation follows ISO 5807 (International Organization for Standardization, 1985).
[bookmark: _Toc243647928]B. Justification of Programming Choices
The data frame represents records, vectors represent columns and results, and matrices represent small lookup tables. This separation is readable and avoids packages that are not needed. The loop order day → zone → category follows the brief, while pre-allocation avoids repeated data-frame growth.
The code is longer than a vectorised or dplyr solution, but that is intentional: the assessment tests control structures and manual accumulation. Resetting each accumulator inside the correct loop prevents group values leaking into one another.
The simulation assumes that every combination exists, random variation is independent and equally likely from -12 to +12, and 0.85 minutes is constant. The daily zone mean includes the record being tested, so an anomaly is unusual under this rule rather than proof of an operational fault. A real warehouse could use a rolling historical baseline, median or robust threshold.
The RMarkdown file uses knitr to show code and output, but no dplyr or extra data-manipulation packages. R Markdown links code and results in one reproducible document. Some additional libraries caused package or rendering problems, so the final dependency list was kept small.
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The validation approach combined structural checks, formula checks, boundary examples and review of loop indexes. This reflects the recommendation that scientific software should be checked carefully and repeatedly.
	Check
	Expected result
	Reason

	warehouse_data dimensions
	840 rows × 5 columns
	28 × 5 × 6 combinations

	Rows per zone
	168
	28 days × 6 categories

	Rows per category
	140
	28 days × 5 zones

	Rows per day-zone pair
	6
	One record for each category

	UnitsProcessed range
	101 to 182
	100 + 8z + 5c ± 12

	ProcessingTime range
	85.85 to 154.70
	UnitsProcessed × 0.85

	Time formula
	Every row equals units × 0.85
	Direct formula check



Table 1. Structural and formula checks used to validate the solution.
	Manual test case
	Expected calculation
	Expected result

	Zone 1, Category 1, variation 0
	100 + 8 + 5 + 0
	113 units; 96.05 minutes

	Zone 5, Category 6, variation +12
	100 + 40 + 30 + 12
	182 units; 154.70 minutes

	Average 130, value 150
	150 > 130 × 1.15
	Anomaly = TRUE

	Average 130, value 130
	Neither threshold is crossed
	Anomaly = FALSE

	Two equal peak totals
	Use >, not >=
	Earlier day is retained



Table 2. Small known-outcome tests used to check formula and boundary logic.
I checked the first ten rows by hand: the first row is Day 1, Zone 1, Category 1, and categories change before zones. I also checked that the final row index is 841 after filling 840 rows, that exact 15% limits are not flagged, and that each selected peak is at least as large as the other days for that zone.
These tests improve confidence but do not test missing rows, malformed input or a very large data set. A future version could add automated assertions or a separate test script, but I did not add a user-defined function because the brief prohibits them.
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The data set is small, so the solution is easy to inspect. Pre-allocation avoids slow row growth, but Parts B and C repeatedly scan all records. With many more days, zones or categories, indexed or vectorised grouping would be more scalable. Calculation and presentation could also be separated so results were saved and tested without printing everything.
Named constants, clear sections and meaningful data frames support maintenance. The main risk is duplicated logic between the R script and RMarkdown. In future, the RMarkdown could source the executable script, if permitted, so the two files cannot drift apart.
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The hardest part was tracking several loop levels and resetting each accumulator correctly. I had to distinguish between a zone total, category average, daily zone average and zone-day total. Meaningful names such as day_zone_average and best_total helped. I also learned why pre-allocation and a row index are useful for manual data-frame population.
I first tried additional Markdown and data-manipulation libraries. Some caused package or rendering problems, while dplyr and summarise would have broken the rules. I reduced the dependency list instead of adding workarounds. Making the sample method explicit also resolved uncertainty about repeatability across R versions.
Generative AI helped review the requirements, suggest checks, improve wording and identify gaps against the criteria. It was not a replacement for understanding. I followed the row order, checked formula boundaries and removed suggestions that violated the rules. I have described the failed attempts honestly and kept responsibility for the final decisions. In future, I would begin with a two-day, two-zone, two-category example before expanding to 840 rows.
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The solution meets the required structure and uses loops for generation, totals, averages, anomaly detection and peak-day selection. The updated documentation adds relevant sources, assumptions, validation examples, a labelled flowchart and a direct mapping to the five assessment criteria. The design remains readable and compliant, while its scalability limits are clearly stated.
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