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[bookmark: _Toc243654810]Task 2 Documentation and Critical Explanation 
[bookmark: _Toc243654811]1. Explanation of Code and Logic			
The Smart Warehouse Inventory Simulation follows a structured workflow that transforms raw operational data into meaningful performance insights. As shown in Figure 1, the solution progresses through data generation, aggregation, anomaly detection, and performance reporting, ensuring that all results remain traceable to the original observations and support reliable decision-making.
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The simulation begins by defining the number of operating days, warehouse zones, and product categories, which determine the dataset size of 840 observations (28 × 5 × 6). Additionally, a fixed random seed (123) ensures the program generates the same random values each time it runs. This simple fixed value helps to keep results consistent during validation and testing.
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In Section A, a preallocated dataframe, WarehouseData, is created to store every observation before processing begins. Preallocation improves efficiency by reserving memory in advance and avoiding repeated dataframe expansion during execution. This is particularly beneficial in loop-based simulations, helping improve performance and memory usage.
Data generation uses a three-level nested loop structure, as shown in Figure 2. The outer loop processes the 28 operating days, the middle loop iterates through the five warehouse zones, and the inner loop processes the six product categories. As a result, this ensures that every valid Day-Zone-Category combination is generated exactly once, producing a complete, logically ordered dataset. Within the innermost loop, units processed are calculated using a baseline workload, zone and category adjustments, and a small random variation. 
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Processing time is then calculated using a fixed rate of 0.85 minutes per unit. Each record is stored in the dataset, and validation checks confirm that all 840 records are generated correctly before further analysis. Table 1 summarises the principal data structures used throughout the solution and the role each structure plays in supporting the analytical workflow.
The generated dataframe is then used for further analysis. Section B calculates total units processed for each warehouse zone ( Appendix B), while Section C calculates average processing times for each product category (Appendix C). These summaries help identify workload patterns and category performance without examining individual records.
Section D identifies unusual production days by comparing each Day-Zone combination's daily total units with the zone's average daily production (Appendix D). An anomaly is flagged if a daily total falls more than 15% above or below the average. For example, if a zone's average output is 1,000 units, values below 850 or above 1,150 would be classified as anomalous. No anomalies were detected across the 140 Day-Zone records. This suggests the simulation's random variation was not large enough to produce unusually high or low production days, resulting in consistently stable outputs.
Finally, Section E identifies the most productive day for each warehouse zone through a maximum-search algorithm (Figure 3). Previously calculated Day-Zone totals are reused to avoid unnecessary recalculation. 
Overall, the solution demonstrates a systematic progression from data generation to performance reporting, supported by structured processing, validation and analytical techniques.

[image: ]
[bookmark: _Toc243654812]2. Justification of Programming Choices 
The solution balances clarity, maintainability and efficiency while demonstrating fundamental programming principles. Dataframes were selected as the primary storage structure because they support multiple data types within a single labelled table, improving readability and reducing indexing errors. Although matrices offer greater memory efficiency, their lack of descriptive labels reduces transparency and makes maintenance more challenging.
Different structures were selected to meet specific analytical requirements, as summarised in Table 2. Vectors were used as lightweight accumulators for totals and counts, enabling efficient single-pass aggregation. Matrices supported day-zone calculations through direct [Day, Zone] indexing, providing faster access to values than repeated dataframe filtering. This combination improved computational efficiency while maintaining readability and ease of validation.
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The program relies on explicit loop-based processing rather than highly vectorised solutions. While functions such as aggregate(), tapply(), groupsummary() or splitapply() could perform the same calculations with fewer lines of code, they abstract much of the underlying logic. The chosen approach makes data processing more visible, simplifies validation, and demonstrates a stronger understanding of iteration and accumulation techniques. However, this comes at the cost of longer code and potentially slower execution on very large datasets.
Another design choice was to preallocate data structures when their size was known in advance. This reduces memory reallocation overhead and represents better programming practice than dynamically expanding objects during execution. The performance benefit is limited for 840 observations but would become more significant as dataset size increases.
The solution also depends on several simplifying assumptions. Zone and category effects are assumed to remain constant, and anomaly detection uses a fixed ±15% threshold around average daily production. These assumptions make the analysis manageable but may not fully represent real warehouse operations, where demand fluctuations, equipment failures and staffing levels can influence performance.
Overall, the design prioritises transparency, reliability, and ease of validation over maximum optimisation, an appropriate trade-off for the project's scale and educational objectives.

[bookmark: _Toc243654813]3. Testing and Validation
We integrated testing and validation throughout development to reduce the risk of errors propagating across the warehouse analysis pipeline. Structural validation used stopifnot() checks to confirm that WarehouseData contained 840 observations, five variables, and all expected Day-Zone-Category combinations. We then manually verified selected records by independently recalculating them and comparing the results with program outputs.
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Known-answer testing used small datasets with predetermined outcomes to verify key calculations. For Section D, we used a test dataset with daily totals of 100, 100, 100, and 140 units to validate anomaly detection. The expected average (110 units), anomaly thresholds (93.5 and 126.5) and anomaly classification (TRUE) were all produced correctly. Boundary-value testing further verified that values exactly equal to the 85% and 115% limits were not classified as anomalies. As shown in Figure 5, both tests passed, confirming that the anomaly detection calculations and decision boundaries were implemented correctly.
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Overall, the testing strategy provided strong evidence of computational correctness and reliability, although it could not fully validate the realism of the underlying simulation assumptions

[bookmark: _Toc243654814]4. Efficiency and Scalability Reflection
The solution performs efficiently for the assignment dataset of 840 observations. Preallocating data structures reduces memory reallocation, while direct indexing and accumulator-based calculations enable efficient processing. Reusing intermediate results, such as DailyZoneTotals, also avoids unnecessary recalculation and improves consistency across analytical stages.
However, the design has scalability limitations. Multiple sections require separate passes through the dataset, and extensive use of for loops becomes less efficient as data volumes increase. Although loops improve transparency and make the logic easier to validate, vectorised operations in R generally execute faster because they use compiled code.
For larger datasets, performance could be improved through vectorised functions such as aggregate(), tapply() or dplyr::summarise(), while databases such as SQLite or data.table
could support larger-scale storage and analysis. These alternatives would improve efficiency but reduce some of the algorithmic transparency of the current implementation.
Overall, the solution balances efficiency, readability, and maintainability. Given the relatively small dataset and educational objectives, prioritising transparency and validation over maximum optimisation represents an appropriate trade-off.
[bookmark: _Toc243654815]5. Reflection on Learning and Use of Generative AI
Completing this assignment changed how I view programming. Initially, I focused on producing the correct outputs, but I learned that reliable software also depends on effective testing, validation and debugging. Incorporating validation checks throughout development increased my confidence in the results and helped identify issues that successful code execution alone would not have revealed.
The project also improved my understanding of program design and data structures. Organising the solution into separate stages for data generation, analysis, validation and reporting made the code easier to understand, test and maintain. I also gained a better appreciation of how dataframes, vectors and matrices can influence both efficiency and readability.
[bookmark: _Toc243654816]The most valuable lesson came from debugging an error caused by inconsistent variable naming and accumulator placement, reinforcing the importance of attention to detail and systematic validation. Generative AI supported research, code understanding, and error investigation, while we critically reviewed and validated all outputs before use.
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START
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Set seed = 123; Days = 28; Zones = 5; Categories = 6 BaseUnits
= 100; TimePerUnit = 0.85; NumberOfRows = 840

v

SECTION A: Generate WarehouseData
840 records; validate, display sample, run arithmetic and boundary tests

!

SECTION B: Calculate ZoneTotals from WarehouseData
Accumulate units for 5 zones; validate, display and test

!

SECTION C: Calculate CategoryAverageTime from WarehouseData
Sum durations and counts for 6 categories; validate, display and test

'

SECTION D: Build ProcessingAnomalies from WarehouseData
140 daily zone totals; zone means; flags outside 85%-115%; validate and
test

!

SECTION E: Find PeakZoneDays using Section D daily totals
Choose maximum for each zone; earliest day wins ties; validate and test

DISPLAY All section results and test
confirmations

Figure 1. Overall logical structure of the warehouse simulation, including data
generation, processing, validation, testing, and reporting stages.
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START SECTION LOOP LOGIC Section A :
Settings and random seed have already been defined

Y

Preallocate 840 rows in WarehouseData; RowIndex = 1

Start Day = 1
/\ FALSE
> OUTER FOR TEST: Day <= 28?
TRUE
< Start Zone = 1 for the current Day >

FALSE
MIDDLE FOR TEST: Zone <= 5?

< Start Category = 1 for the current Day and Zone >

INNER FOR TEST: Category <= 6?

RandomVariation = sample(-12:12, 1) Draw one of
25 equally likely integers

!

Calculate UnitsProcessed = 100 + Zone x 8 + Category x 5
+RandomVariation. Calculate ProcessingTime = UnitsProcessed x 0.85.

!

REPEAT  |Store Day, Zone, Category, UnitsProcessed and round(ProcessingTime, 2)
at RowIndex; RowIndex += 1; FOR advances Category

REPEAT

Category loop finished; FOR advances Zone

REPEAT

Zone loop finished; FOR advances Day

OUTPUT: WarehouseData contains 840 completed
observations and five aligned clolums. Roelndex is 841;
processing times are stored rounded to two places

!

END GENERATION LOOP:
Continue to Section A, Validation, Display result and Test

Figure 2. Flowchart illustrating the nested FOR-loop process used to generate all Day-
Zone-Category combinations and store workload and processing-time calculations.
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Task Selected structures How they support the analysis

A: Generate WarehouseData: 840 = 5 dataframe = Stores one observation per day-zone-category
warehouse combination. Named columns preserve the meaning of
data fdentifiers, units and processing times, providing a

common source for later tasks. Preallocation lets the
loops fill existing rows efficiently.

B: Calculate ZoneTotals: 5 x 2 dataframe Stores one total per zone. The zone identifier directly
zone totals selects the accumulator to update, so each observation
contributes to the correct zone'’s workload.

C: Calculate CategoryTimeTotals and The vectors accumulate total processing time and
category CategoryRecordCounts: vectors of = observation count separately for each category. Dividing
averages length 6, CategoryAveragelime: 6  each total by its count yields the mean, stored in a

x 2 dataframe clearly labelled results table.
D: Identify ProcessingAnomaljes: 140 x § Stores one row per day-zone combination, bringing
anomalies dataframe together daily production, the zone’s average daily

production and a logical anomaly flag. This supports
comparisons against the 85%-1157% limits.

D: Select and AnomalyRecords, Lagical filtering selects flagged rows while retaining

report DisplayAnomalies and their identifying information. The scalar counts

anomalies Summarylable: dataframes; anomalies, and the summary table presents the records
TotalAnomalies: scalar analysed, anomaly count and percentage.

E: Find peak ZoneRecords: 28 » 2 dataframe per = The temporary table isolates each zone’s daily totals.

production zone, BestDay and HighestTotal: The scalars track the best result found so far. Sorting by

days scalars; PeakZoneDays: 5 x 3 day and updating only for a strictly higher total
dataframe preserves the earljest day when totals tie.

Table 1. Data structures used in each analytical task of the warehouse simulation, showing
how dataframes, vectors, and scalar variables support data generation, aggregation,
anomaly detection, and performance reporting.
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PRODUCTIVE DAY FOR EACH ZONE
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Zone FOR loop at 1; no fresh daily aggregation is needed.
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Zone <=5?

Select Day and Daily TotalUnits for this Zone; sort by Day, Check
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¥
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Start DayliRecordIndex =1

DayliRecordIndex <=
nrow(ZoneRecords)?

CurrentTotal =current DailyTotalUnits

CurrentTotal>HighestTotal?
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HighestTotal = CurrentTotal
BestDay = current Day

!

REPEAT
FOR advances DayRecordIndex.
REPEAT Day loop finished: store BestDay and HighestTotalin
PeakZoneDays

Validate Peak-Day Results

DISPLAY ERROR
OUTPUT

All validation chesks pass?

DISPLAY : RESULTS OF TASK E STOP:Failed validation
Validated most productive day terminates this run

for each zone

¥

Test Zone Aggregation
Testing Approach 1 - Manual Verification
Testing Approach 2 - Known-Answer Test
Testing Approach 3 -Tie-Handling Test

DISPLAY ERROR
OUTPUT

All Tests chesks pass?

DISPLAY :Task:E tests
passed: peak-day selection
and tie-handling tests

STOP:Test failure

Figure 3: Section E: Identify the Most Productive Day for Each Zone
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Design Dimension  Selected Programming Alternative Approach Advantages of Selected Choice Limitations
Choice
Primary Data DataFrame Separate vectors or Combines all variables in one table, improving Uses more memory than
Storage (WarehouseData) matrices readability and reducing indexing errors. primitive structures.
Memory Preallocated vectors Dynamic row appending  Aveids repeated memory allocation and Requires dataset size to be
Management and dataframe columns | (rbind()) improves execution efficiency. known beforehand.
Data Generation Three-level nested for  expand.grid() with Closely reflects the warehouse hierarchy, Less efficient than vectorised
logps vectorised calculations making logic easier to follow and validate. methods on large datasets.
Data Aggregation Accumulator loops aggregate(), tapply(), Makes calculations transparent and easier to Longer code and more manual
dplyrzsummarise() validate. management.
Category Statistics ~ Separate total and Direct grouped Simple and efficient average calculation using  Less scalable when many
count vectors calculations total + count. statistics are required.
Day-Zone Analysis  Matrix indexing ({Day, Repeated dataframe Provides direct access to daily zone totals and  Less flexible if the data structure
Zonef) filtering efficient lookups. changes.
Peak Day Reuse daily-zone totals = Recalculate totals in Avoids duplicate processing and improves Creates dependency between
Identification Section £ consistency. sections.
Overall Processing ~ Explicit loop-based Fully vectorised Improves transparency, debugging and Lower performance on very large
Strategy solution implementation demonstration of programming concepts. datasets.

Table 2. Comparison of the principal programming decisions used within the warehouse simulation, highlighting the advantages,
limitations and trade-offs associated with each design choice relative to alternative implementations.
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# Run all validation checks.
# The program will stop immediately if any test fails.
stopi fnot(

# Check the dataset dimensions, number of rows and columns.
nrow(WarehouseData) == NumberofRows,
ncol(WarehouseData) 5L,

# Check that all rows were generated.
RowIndex == NumberofRows + 1L,

# Check the expected order of Day, Zone, and Category values.
all(Warehousebataspay -- Expectedbays),
all(warehouseData$zone == Expectedzones),
all(warehousepata$Category -- ExpectedCategories),

# Check that random variation stays within the defined limits.
all(observedvariation %in% -12:12),

all(abs(warehouseData$ProcessingTime -
ExpectedTimes) < le-8)

# Display a small sample of the validated dataset.

cat("\ \n"
cat(" RESULTS OF TASK A: validated warehouse data: first 10 records\n")
cat(" \n")

print(head(warehousepata, 10L))

RESULTS OF TASK A: validated warehouse data: first 10 records

Day Zone Category UnitsProcessed ProcessingTime

1 1 1 1 115 97.75
2 1 1 2 124 105.40
3 1 1 3 124 105.40
4 1 1 4 118 100.30
5 1 1 5 130 110.50
6 1 1 6 143 121.55
7 1 2 1 130 110.50
8 1 2 2 124 105.40
9 1 2 3 123 104.55
0 1 2 4 143 121.55

Task:A tests passed:
known-answer arithmetic & variation boundary tests.

Figure 4: Structural validation used stopifnot() checks to confirm that WarehouseData
contained 840 observations, five variables, and all expected Day-Zone-Category

combinations.
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# Purpose:
# verify that averages and anomaly classifications are
# calculated correctly.

Test values:
Daily Totals = 100, 100, 100, 140

# Expected Results:

# Average = 110

# Lower Limit = 93.5
# Upper Limit = 126.5
# Anomaly = TRUE

Expected Outcome:
The calculated average, 1imits and anomaly decision
should match the expected values.

3 W

TestpailyTotals < c(100, 100, 100, 140)

# calculate the average production.
TestzoneAverage <- mean(TestpDailyTotals)

# calculate anomaly limits.
TestLowerLimit <- TestZoneAverage * 0.85
TestUpperLimit <- TestZoneAverage * 1.15

# Determine anomaly status.
TestAnomaly <- 140 > TestUpperLimit

# verify expected results.
stopifnot(
abs(TestzoneAverage - 110) < le-8,
abs(TestLowerLimit - 93.5) < le-8,
abs(TestupperLimit - 126.5) < le-8,
TestAnomaly == TRUE

Purpose:
Check that values exactly on the anomaly limits are not
classified as anomalies.

EEE]

Test Scenario:
Production totals equal the lower and upper limits.

=

Expected Results:
Lower Limit -> FALSE
upper Limit -> FALSE

EEE]

Expected Outcome:
values on the limits should not be flagged as anomalies.

ETY

TestzoneAverage <- 100

TestLowerLimit <- TestZoneAverage * 0.85
TestUpperLimit <- TestZoneAverage * 1.15

# Test values exactly on the limits.
TestDailyunitsLower <- TestLowerLimit
TestDailyunitsupper <- TestupperLimit

# Apply anomaly logic.

LowerBoundaryAnomaly <-
TestDailyUnitsLower < TestLowerLimit
TestDailyunitsLower > TestUpperLimit

UpperBoundaryAnomaly <-
TestDailyunitsupper < TestLowerLimit
TestDailyunitsupper > TestUpperLimit

# Verify boundary bel

stopifnot(
LowerBoundaryAnomaly FALSE,
upperBoundaryAnomaly FALSE

Task:D tests passed:

production totals, averages and anomaly-classification tests.

Figure 5: Section D- Known-Answer and Test Boundary-Value Test
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START

INITIALISE SETTINGS
NumberOfDays 28; NumberOfZones 5; NumberOfCategories 6;
BaseUnits 100; TimePerUnit 0,85; AnomalyTolerance 1e-10.

1

BUILT-IN-FUNCTION
set.seed(123) fixes the pseudo-random sequence for reprocucibllity
in the same R environment.
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Calculate UnitsProcessed = 100 + Zone x 8 + Category x 5 +RandomVariation.
Calculate ProcessingTime = UnitsProcessed x 0.85.

I

REPEAT | Store IDs and units at Rowlndex; use round(ProcessingTime, 2) forstored
minutes. Increase RowIndex once; FOR advances Categoryautomatically.

REPEAT [ 1nner category loop finished. FOR advances Zone; category iterationrestarts for the.
next zone.
REPEAT
Middle zone loop finished. FOR advances Day; zone iteration restartsfor the next day.

Validate: Check that the average processing times have been calculated
correctly before displaying the results.

DISPLAY ERROR

i 3
iation chesks pass SUTPUT

STOP:Failed validation
terminates this run

DISPLAY RESULTS OF TASK A: Validated warehouse data:
first 10 records

1

Test Zone Aggregation
Testing Approach 1 - Manual Verification
Testing Approach 2 - Known-Answer Test
Testing Approach 3 - Boundary Value Test

DISPLAY ERROR
OUTPUT
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DISPLAY: Task:A tests passed:
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boundary tests

Section A: Warchouse Data Generation
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Is anotherWarehouseData source row
available?
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START: C. AVERAGE PROCESSING TIME PER
CATEGORY
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SECTION C: Initialise six CategoryTimeTotals andCategoryRecordCounts
to zero; begin source-row FOR loop.

FIRST SINGLE FOR TEST:
Is anothersource row available?

REPEAT | Read Category. Add stored minutes to its total and increment itsobservation
count by one, including zero times. FOR advances sourcerow.

After accumulation, create CategoryAverageTime; begin separateCategory FOR
loop at 1. These main loops are sequential, not nested

SECOND SINGLE FOR TEST:
s Categorywithin 1 to NumberOfCategories?.

FALSE

REPEAT

Divide completed category time total by matching record count. Storeround(mean, 2).
FOR advances Category. Positive counts are assumedfrom complete generation.

Valiadtion: Check that the average processing times have been calculated
correctly before displaying the results.

DISPLAY ERROR
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< STOP: Failed )
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Validation pass?
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I

Test Zone Aggregation
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Testing Approach 2 - Known-Answer Test
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DISPLAY ERROR
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PRODUCTION ANOMALIES
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SECTION D: Create ProcessingAnomalies table to store daily totals,
zone averages and anomaly results (preallocate rows for all Day-Zone
combinations). Set DailyRowIndex to 1.

START: D. IDENTIFY DAILY ZONE)
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