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A. Explanation of Code and Logic
Figure 1 (flow chart) shows the overall flow. The code stores 28 days, five zones and six categories as parameters, and set.seed(12345) makes the random variation reproducible. Nested loops then visit each day, zone, and category (Figures 2–3), producing 840 records (28 × 5 × 6; Figure 4). UnitsProcessed is 100 plus zone and category adjustments plus a random variation between −12 and +12, so units rise with both zone and category (Figure 5). ProcessingTime is UnitsProcessed × 0.85, assuming each unit takes 0.85 minutes. 

[image: ]
Figure 1: Program flow chart
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Figure 2: Code – creating warehouse_data
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Figure 3: Code – nested loops
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Figure 4: Output – first 10 rows
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Figure 5: Mean units by zone and category

Records are stored in the pre-allocated data frame warehouse_data (840 rows, five named columns), which avoids expanding it inside the loops. Later tasks use loops (Table 1) to total units by zone (Figure 6) and average processing time by category (Figures 7–8); both follow the formula (Figure 9). For anomalies, one pass calculates each day-zone average and a second flags records more than 15% above or below it (Listing 1; Figures 10–11). For peak days, a total replaces the current maximum only if it is greater, so ties return the earliest day (Figures 12–14).

Table 1: Loops and outputs by task
	Task
	Loop structure
	Accumulators
	Output

	A
	day → zone → category
	row_number
	warehouse_data (840 × 5)

	B
	zone → all records
	total_units
	zone_totals (5 × 2)

	C
	category → all records
	total time, count
	category_average_time (6 × 2)

	D
	day → zone → records (two passes)
	total, count
	processing_anomalies (840 × 6)

	E
	zone → day → all records
	daily_total, maximum
	peak_zone_days (5 × 3)
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Figure 6: Task B code and output
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Figure 7: Task C code
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Figure 8: Task C output
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Figure 9: Task B and C results

Listing 1: Task D pseudocode
	FOR each day, FOR each zone
  total <- 0 ; count <- 0
  FOR each record                 # pass 1
    IF day and zone match: total <- total + units ; count <- count + 1
  average <- total / count
  FOR each record                 # pass 2
    IF day and zone match:
      anomaly <- units > average x 1.15 OR units < average x 0.85
      STORE record, average, anomaly
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Figure 10: Task D code
[image: ]
Figure 11: Task D output
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Figure 12: Task E code
[image: ]
Figure 13: Task E output
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Figure 14: Daily totals and peak days

Completeness can be checked because each day-zone group should contain six category records, giving 168 records per zone and 140 records per category across the 28-day simulation. The run identifies 44 anomalies from 840 records (5.24%), mostly in Categories 1 and 6 (Figures 15–16). This percentage describes the simulated data and should not automatically be interpreted as evidence of a real warehouse problem.
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Figure 15: Anomalies against ±15% limits
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Figure 16: Anomalies by category

B. Justification of Programming Choices
In this code explicit loops are chosen because it makes each calculation easy to follow, check and explain. A data frame keeps the day, zone, category, units, and processing time together in clearly named columns, while pre-allocation avoids repeatedly expanding the dataset. Although vectors could improve performance with larger datasets. It helps demonstrate my understanding of R programming. The index formula, (day − 1) × 30 + (zone − 1) × 6 + category, assigns each combination a unique row. Using separate loops for each task improves readability and makes testing easier, although scanning the records repeatedly can reduce efficiency (Table 2).

The simulation assumes that every zone processes all six categories each day, processing time is proportional to units at 0.85 minutes per unit, and random variation ranges from −12 to +12. I selected these assumptions because they create realistic enough sample data while keeping the calculations straightforward to understand and validate. I am happy with the outcomes because the program generates the expected dataset and produces results that can be check manually. 

Table 2: Design decisions and trade-offs
	Decision
	Alternative
	Reason
	Trade-off

	Scan all records per group
	Index arithmetic on row order
	Robust and easy to verify
	Repeated full scans

	Separate loop per task
	One combined pass
	Independent, readable tasks
	Repeats work

	Named constants
	Literal numbers
	Rule changes need one edit
	Longer script

	Loop finds first 10 anomalies
	Logical filtering with head()
	Meets the loop requirement
	More code



C. Testing and Validation
Testing combined dimension checks, known-answer tests, manual verification, and threshold tests (Table 3). With variation set to zero, Zone 1 totals 21,084, Category 1 averages 109.65 minutes, no anomalies occur and ties return the earliest day. These checks show that several important parts of the calculation behave as intended.

Table 3: Test results
	#
	Test
	Expected
	Observed
	Result

	1
	Dimensions
	840 × 5
	840 × 5
	Pass

	2
	Zero variation: totals/average
	21,084; 109.65
	21,084; 109.65
	Pass

	3
	Zero variation: anomalies/peak
	0; Day 1
	0; Day 1
	Pass

	4
	Manual example
	Flagged
	TRUE
	Pass

	5
	R cross-check
	Match
	Matched
	Pass

	6
	Total and variation range
	118,640; within ±12
	118,640; within ±12
	Pass

	7
	Upper boundary exactly at 115%
	Not flagged
	Flagged due to floating-point precision
	Needs correction



Manually, Day 1 in Zone 2 totals 781 (average 130.17); Category 1's 110 units is below 85% of that (110.64), so it is correctly flagged. A separate R calculation matched, though it repeats the same assumptions. Variation values stay within ±12 (Figure 17), which does not prove an even distribution.
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Figure 17: Recovered variation distribution

During development, an early version referenced daily_total before assigning it and used an incorrect row-index expression. Running individual chunks in Posit also caused object-not-found errors when setup code had not run, and explanatory Markdown was sometimes confused with executable code. Restarting the R session and knitting the complete R Markdown document helped ensure that the results were generated from a clean run. Dimension, total-reconciliation and range checks passed (Figures 18–19), but the upper-boundary test remains a limitation: values 115, 97, 97, 97, 97 and 97 have a mean of 100, so a strict rule of greater than 115% should not flag 115. Floating-point precision caused a false flag at this boundary. The code should use a small tolerance or a robust comparison, then rerun both upper- and lower-boundary tests before submission. Therefore, the tests provide useful evidence, but the solution should not be described as fully validated until this defect is corrected.
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Figure 18: Validation checks 1–2
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Figure 19: Validation check 3

D. Efficiency and Scalability Reflection
The simulation ran in 0.37 seconds (Table 4), but repeated scans slow as data grows: anomaly detection already makes 140 × 2 × 840 = 235,200 checks.

Table 4: Runtime as data grows
	Days
	Records
	Runtime (s)
	Growth

	28
	840
	0.37
	–

	56
	1,680
	1.17
	× 3.2

	112
	3,360
	3.60
	× 3.1



With 365 days, 50 zones and 100 categories, the repeated-scan approach could require approximately 66.6 billion checks for the anomaly passes, making it impractical at that scale (Figure 20). A more scalable design would accumulate day-zone totals and counts in one pass, calculate the averages, and then make a second pass to classify anomalies. Pre-allocated vectors and creating the result data frame once would also reduce allocation overhead. Clear variable names, comments, and separate logical sections support maintenance, while configurable parameters would make it easier to add zones, categories, or different thresholds in future.
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Figure 20: Task D comparisons by design

E. Reflection on Learning and Use of Generative AI
Completing this assignment showed me that code can run without producing fully correct results. I learned to check the outputs against expected values rather than relying only on the absence of errors. Writing loops helped me understand how totals, counts and averages are related, while tracing one day-zone example made the anomaly rule easier to verify.
One challenge was running individual chunks in Posit when earlier setup code had not run, which caused object-not-found errors. I learned to distinguish executable R chunks from explanatory Markdown and to restart the session before knitting the full document. I also learned that boundary cases matter: floating-point precision can affect strict comparisons, even when the main calculations appear correct. In future, I would create known-answer tests earlier and test both anomaly boundaries before finalising the code.
I used Claude (Anthropic) to help me understand the R code, learn how to work in Posit, fix errors, and compare results with expected outputs. I checked the results by running the code and reviewing selected calculations myself. The final code, testing and analysis remain my responsibility.
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A1 Create the empty dataframe

cat("\n===
cat(" TASK A: GENERATE WAREHOUSE DATA\n")
cat("=

# Create the dataframe with the five required columns.

# The dataframe is pre-allocated with 840 rows. This is more

# efficient than growing the dataframe one row at a time, because
# R does not need to copy the whole dataframe on every iteration.
warehouse_data <- data.frame(

Day = integer(TotalRecords),
Zone = integer(TotalRecords),
Category = integer(TotalRecords),
UnitsProcessed = integer(TotalRecords),

ProcessingTime = numeric(TotalRecords)
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A.2 Fill every row with nested loops

# row_number tracks which row receives the next generated record
row_number <- 1

# Three nested loops generate every combination of:
# outer loop -> day (1 to 28)

# middle loop -> zone (1 to 5)

# inner loop -> category (1 to 6)

for (day in 1:NumberOfDays) {

for (zone in 1:NumberOfzones) {
for (category in 1:NumberoOfCategories) {

# Random integer between -12 and +12 (inclusive)
RandomVariation <- sample(MinvVariation:MaxVariation, 1)

# UnitsProcessed = BaseUnits + (Zone x 8) + (Category x 5)
# + RandomVariation
UnitsProcessed <- BaseUnits +
(zone * ZoneMultiplier) +
(category * CategoryMultiplier) +
RandomVariation

# ProcessingTime = UnitsProcessed x TimePerUnit
ProcessingTime <- UnitsProcessed * TimePeruUnit

# Store the complete record in the current row

warehouse_data$Day[row_number] <- day
warehouse_data$Zone[row_number] <- zone
warehouse_data$Category[row_number] <- category

warehouse_data$unitsProcessed[row_number] <- UnitsProcessed
warehouse_data$ProcessingTime[row_number] <- round(ProcessingTime, 2)

# Move to the next row
row_number <- row_number + 1
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A.3 Display the first 10 rows and the dimensions

# Display the first 10 rows of the dataframe
cat("\nFirst 10 rows of warehouse_data:\n\n")
print(head(warehouse_data, 10), row.names = FALSE)

# Display the total number of rows and columns

cat("\nTotal number of rows 1", nrow(warehouse_data), "\n")
cat("Total number of columns :", ncol(warehouse_data), "\n")
# FINDING:

# 28 days x 5 zones x 6 categories = 840 rows, and the dataframe
# has 5 columns: Day, Zone, Category, UnitsProcessed and
# ProcessingTime.

First 10 rows of warehouse_data:

Day Zone Category UnitsProcessed ProcessingTime

1 1 1 114 96.90
1 1 2 124 105.40
1 1 3 126 107.10
1 1 4 139 118.15
1 1 5 131 111.35
1 1 6 149 126.65
1 2 1 110 93.50
1 2 2 135 114.75
1 2 3 129 109.65
1 2 4 129 109.65
Total number of rows : 840

Total number of columns : 5
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Units rise with both zone and category, as the formula predicts
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B.1 Total the units for each zone

cat("\n=== =
cat(" TASK OTAL UNITS PROCESSED PER ZONE\n")
cat("== = ====.

# One row per zone, totals start at zero
zone_totals <- data.frame(
Zone = 1:NumberOfZones,
TotalUnits = numeric(NumberOfZones)

# Outer loop: each zone. Inner loop: check every record.
for (zone in 1:NumberOfzones) {
total_units <- 0
for (i in 1:nrow(warehouse_data)) {
# Only add records that belong to the current zone
if (warehouse_data$zone[i] == zone) {

total_units <- total_units + warehouse_data$uUnitsProcessed[i]

}

zone_totals$TotalUnits[zone] <- total_units

B.2 Display zone_totals

# Display the completed dataframe
cat("\nTotal units processed by each zone (all days and categories):\n\n")
print(zone_totals, row.names = FALSE)

# FINDING:

# Zone totals rise steadily from Zone 1 to Zone 5 because the
# formula adds (Zone x 8) units to every record. Each zone has
# 168 records (28 days x 6 categories), so each zone step adds
# roughly 8 x 168 = 1,344 units in total.

Total units processed by each zone (all days and categories):

Zone TotalUnits

1 21219
2 22293
3 23725
4 24991
5 26412




image9.png
C.1 Total and count the records for each category

cat("\n===
cat(" TASK C: AVERAGE PROCESSING TIME PER PRODUCT CATEGORY\n")
cat("==

# One row per category

category_average_time <- data.frame(
Category = 1:NumberOfCategories,
AverageProcessingTime = numeric(NumberOfCategories)

)
for (category in 1:NumberoOfCategories) {

total_processing_time <- 0 # Running total of processing time
matching_records <- 0 # Number of records in this category

# Loop through every record, accumulating total time and count
for (i in 1:nrow(warehouse_data)) {

if (warehouse_data$Category[i] == category) {
total_processing_time <- total_processing_time +
warehouse_data$ProcessingTime[1i]
matching_records <- matching_records + 1

# Average = total processing time / number of matching records
# (the if-check protects against division by zero)
if (matching_records > 0) {
category_average_time$AverageProcessingTime[category] <-
round(total_processing_time / matching_records, 2)
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C.2 Display category_average_time

# Display the completed dataframe
cat("\nAverage processing time (minutes) per product category:\n\n")
print(category_average_time, row.names = FALSE)

# FINDING:

# Each category contains 140 records (28 days x 5 zones)

# Average processing time increases with category ID because the
# formula adds (Category x 5) units, i.e. about 5 x 0.85 = 4.25
# extra minutes per category step.

Average processing time (minutes) per product category:

Category AverageProcessingTime

1 109.34
114.43
117.76
121.97
125.89
130.92

o 0N~ wWwN
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D.2 Calculate each daily zone average and flag anomalies

anomaly_row <-1 # Next free row in processing_anomalies
total_anomalies <- 0 # Counter for records flagged as anomalies

for (day in 1:NumberOfDays) {

for (zone in 1:NumberOfzones) {

e = ey
# STEP 1: Calculate the daily zone average across the six

# product categories for this day and zone

# ____________________________________________________________

daily_zone_total <- 0
daily_zone_count <- 0

for (i in 1:nrow(warehouse_data)) {
if (warehouse_data$Day[i] == day &&
warehouse_data$zZone[i] == zone) {
daily_zone_total <- daily_zone_total +
warehouse_data$uUnitsProcessed[1i]
daily_zone_count <- daily_zone_count + 1

DailyZoneAverage <- daily_zone_total / daily_zone_count

e = ey
# STEP 2: Compare each record for this day and zone with the
# average and apply the anomaly rule

# ____________________________________________________________

for (i in 1:nrow(warehouse_data)) {

if (warehouse_data$Day[i] == day &&
warehouse_data$zZone[i] == zone) {

current_units <- warehouse_data$uUnitsProcessed[i]
# Anomaly if more than 15% above OR more than 15% below

anomaly_status <- (current_units > DailyZoneAverage * UpperThreshold) ||
(current_units < DailyZoneAverage * LowerThreshold)

processing_anomalies$Day[anomaly_row] <- day
processing_anomalies$Zone[anomaly_row] <- zone
processing_anomalies$Category[anomaly_row] <-

warehouse_data$Category[i]
processing_anomalies$UnitsProcessed[anomaly_row] <- current_units
processing_anomalies$DailyZoneAverage[anomaly_row] <- round(DailyZoneAverage,
2)
processing_anomalies$Anomaly[anomaly_row] <- anomaly_status

if (anomaly_status) {
total_anomalies <- total_anomalies + 1

anomaly_row <- anomaly_row + 1
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D.4 Display the anomaly results

# Display the results
cat("\nTotal records checked :", nrow(processing_anomalies), "\n")
cat("Anomalies identified 1", total_anomalies, "\n")
cat("Anomaly rate g,
round(total_anomalies / nrow(processing_anomalies) * 100, 2), "%\n")

if (total_anomalies > 0) {
cat("\nFirst", rows_to_display, "records where Anomaly is TRUE:\n\n")
print(processing_anomalies[anomaly_positions, ], row.names = FALSE)

} else {
cat("\nNo anomalies were identified in this simulation run.\n")

FINDING:

Anomalies occur almost entirely in Category 1 (below average)
and Category 6 (above average). This is expected: the category
term spreads values from +5 to +30 units around the daily mean,
so the extreme categories sit closest to the +/-15% limits, and
the random variation pushes some of them across.

R S N N

Total records checked : 840
Anomalies identified T 44
Anomaly rate 1 5.24 %

First 10 records where Anomaly is TRUE:

Day Zone Category UnitsProcessed DailyZoneAverage Anomaly

1 2 1 110 130.17 TRUE
2 1 1 102 123.83 TRUE
2 2 6 152 131.33 TRUE
3 2 6 156 135.00 TRUE
4 3 6 166 143.00 TRUE
5 1 1 103 127.33 TRUE
5 2 1 112 134.67 TRUE
6 2 1 110 130.83 TRUE
7 5 6 182 155.50 TRUE
8 1 6 149 125.17 TRUE
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E.1 Find the peak day for each zone

cat("\n===
cat(" TASK E: MOST PRODUCTIVE DAY FOR EACH ZONE\n")
cat("==

# One row per zone

peak_zone_days <- data.frame(
Zone = 1:NumberOfZones,
Day integer (NumberOfZones),
TotalUnits = numeric(NumberOfZones)

for (zone in 1:NumberOfzones) {

highest_total <- -1 # Start below any possible daily total
highest_day <- 0

for (day in 1:NumberOfDays) {

# Total units for this zone on this day (all six categories)
daily_total <- 0

for (i in 1:nrow(warehouse_data)) {
if (warehouse_data$zone[i] == zone &&
warehouse_data$bDay[i] == day) {
daily_total <- daily_total + warehouse_data$uUnitsProcessed[i]

# Keep the day if it beats the best total found so far.
# If two days tie, the earlier day is kept.
if (daily_total > highest_total) {

highest_total <- daily_total

highest_day <- day

peak_zone_days$Day[zone] <- highest_day
peak_zone_days$TotalUnits[zone] <- highest_total
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E.2 Display peak_zone_days

# Display the completed dataframe
cat("\nDay with the highest total units processed for each zone:\n\n")
print(peak_zone_days, row.names = FALSE)

FINDING:

Each zone has one peak day. Peak days mostly differ between
zones because the random variation is independent for every
record, so no single day is systematically busier across the
whole warehouse.

oW oW H B

Day with the highest total units processed for each zone:

Zone Day TotalUnits

1 16 788
2 7 821
3 16 880
4 17 940
5 20 994
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F.1 Check the dataset size

# These checks confirm that the results are internally consistent.
# All checks are calculated with loops, in line with the brief

cat("\n======
cat(" VALIDATION CHECKS\n")
cat("==

# Check 1: Correct number of rows and columns
if (nrow(warehouse_data) == TotalRecords && ncol(warehouse_data) == 5) {
cat("PASS: warehouse_data has", TotalRecords, "rows and 5 columns.\n")
} else {
cat("FAIL: warehouse_data has an unexpected size.\n")

PASS: warehouse_data has 840 rows and 5 columns.

F.2 Check that the zone totals add up

# Check 2: Zone totals must add up to the overall dataset total
grand_total_records <- 0
for (i in 1:nrow(warehouse_data)) {

grand_total_records <- grand_total_records + warehouse_data$UnitsProcessed[i]

grand_total_zones <- 0
for (zone in 1:NumberOfzones) {
grand_total_zones <- grand_total_zones + zone_totals$TotalUnits[zone]

}

if (grand_total_records == grand_total_zones) {
cat("PASS: Zone totals match the dataset total of"
grand_total_records, "units.\n")
} else {
cat("FAIL: Zone totals do not match the dataset total.\n")

PASS: Zone totals match the dataset total of 118640 units.
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F.3 Check the random variation range

# Check 3: Every RandomVariation must lie within -12 to +12.
# Rearranging the formula recovers the variation for each record.
variation_errors <- 0
for (i in 1:nrow(warehouse_data)) {
recovered_variation <- warehouse_data$UnitsProcessed[i] - BaseUnits -
(warehouse_data$Zone[i] * ZoneMultiplier) -
(warehouse_data$Category[i] * CategoryMultiplier)

if (recovered_variation < Minvariation || recovered_variation > MaxVariation) {
variation_errors <- variation_errors + 1
}
}
if (variation_errors == 0) {

cat("PASS: All random variation values lie between -12 and +12.\n")
} else {
cat("FAIL:", variation_errors, "records have invalid variation.\n")

PASS: All random variation values lie between -12 and +12.
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