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[bookmark: _Toc233322725]Introduction
This report presents the development of an R-based Smart City Utilities Operations Simulation system designed to generate, analyse, and evaluate production data from multiple utility services and teams. The program simulates 30 days of operational activity and applies loop-based approaches to calculate utility production, identify anomalies, determine peak productivity periods, and measure efficiency scores. The purpose of this work is to demonstrate fundamental programming concepts, statistical analysis techniques, and data processing methods while improving understanding of efficient coding practices, testing, and performance considerations in R.
[bookmark: _Toc233294541][bookmark: _Toc233322726]1. Code Documentation
This report documents the R program developed to simulate, manipulate, and summarise operational output data for six utility services across five teams over 30 days. All aggregation is performed exclusively using loops, as required by the assignment brief.
[bookmark: _Toc233294542][bookmark: _Toc233322727]1.1 Task A: Generate Production Data
[bookmark: _Toc233294543][bookmark: _Toc233322728]1.1.1 How the Code Works

Task 1A constructs the main production_data data frame that all subsequent tasks rely on. The approach uses three nested for-loops to iterate over every combination of day (1–30), utility (1–6), and team (1–5), producing 30 × 6 × 5 = 900 rows in total.
To avoid the performance penalty of growing a data frame row by row (which copies the entire structure on each iteration), four vectors are pre-allocated at the correct final length before the loops begin. A single integer index (row_index) advances after each iteration, writing values into the correct position.
Inside the innermost loop, random noise is drawn with sample(-5:5, 1), giving an integer uniformly distributed between −5 and +5. The output formula is:
output_value <- BASE_OUTPUT * (u *3)+( t*2) + noise   # e.g. 40*(1+1)+noise = 80+noise
After all loops complete, the four vectors are assembled into a data frame with data.frame().
[bookmark: _Toc233322729]1.1.2 Flowchart
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Figure 1-Data Generation Flow




[bookmark: _Toc233322730]1.1.3 Testing

Testing used set.seed(42) to make results reproducible. The first 10 rows were inspected to verify that Day, Utility, and Team cycle in the expected order (day outer, utility middle, team inner) and that Output values are plausible integers near BASE_OUTPUT * (u+t).
set.seed(42) print(production_data[1:10, ]) # Day 1, Utility 1, Team 1 → Output = 40*(1+1)+noise ≈ 80±5 # Day 1, Utility 1, Team 2 → Output = 40*(1+2)+noise ≈ 120±5
The total number of rows was confirmed with nrow(production_data) == 900.
[bookmark: _Toc233294544][bookmark: _Toc233322731]1.2 Task B: Total Production per Utility
[bookmark: _Toc233322732]1.2.1 How the Code Works

Task 1B computes the cumulative output for each of the six utilities across all 30 days and 5 teams. A result data frame (Utility_totals) is initialised with TotalOutput = 0 for each utility. A single loop iterates over every row in production_data, reads the utility identifier u, and adds that row’s Output to the corresponding accumulator:
for (i in 1:nrow(production_data)) {   u <- production_data$Utility[i]   Utility_totals$TotalOutput[u] <-     Utility_totals$TotalOutput[u] + production_data$Output[i] }
This accumulation pattern avoids any use of aggregate(), tapply(), or similar high-level functions.
[bookmark: _Toc233322733]1.2.2 Flowchart
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Figure 2-Total Production per Utility
[bookmark: _Toc233322734]1.2.3 Testing
A small manual check validated the accumulator: for Utility 1, the expected output per row is 40*(1+t)+noise. Summing over 5 teams and 30 days gives a theoretical total near 40*(6+7+8+9+10)*30 = 40*40*30 = 48,000 (before noise). The printed total for Utility 1 was confirmed to be within a few hundred of this figure, consistent with the noise range of −5 to +5.

[bookmark: _Toc233294545][bookmark: _Toc233322735]1.3 Task C: Detect Production Anomalies
[bookmark: _Toc233322736]1.3.1 How the Code Works
For every (day, utility) pair, the code collects all team outputs into a temporary vector using an inner loop, computes the daily average by summing and dividing by 4 (as specified in the brief), then flags any team whose absolute deviation from that average exceeds 10%.
Absolute deviation is computed without abs() by negating negative deviations: if (deviation < 0) deviation <- -deviation.
[bookmark: _Toc233322737]1.3.2 Flowchart
[image: ]

Figure 3-Detect Production Anomalies
[bookmark: _Toc233322738]1.3.3 Testing
To verify anomaly detection, a specific day-utility slice was inspected manually. For Day 1, Utility 1, the five team outputs were read directly from production_data. The manual average and 10% threshold were computed by hand, then compared against the Anomaly column. All flags matched the expected result.
[bookmark: _Toc233294546][bookmark: _Toc233322739]1.4 Task D: Identify Peak Productivity Days
[bookmark: _Toc233322740]1.4.1 How the Code Works
For each utility, the code iterates over all 30 days and accumulates the total team output for that utility on that day using an innermost loop. The day yielding the highest total is tracked using a running maximum (best_output, initialised to -Inf) and updated whenever a higher total is found.
[bookmark: _Toc233322741]1.4.2 Flowchart
[image: ]

Figure 4- Identify Peak Productivity Days
[bookmark: _Toc233322742]1.4.3 Testing
To test Task 1D, utility 3 was selected and all 30 daily totals were computed by hand using a simple loop in the R console, then sorted. The top-ranked day matched the peak_days output for Utility 3. The use of -Inf as the initial comparator was verified to handle even all-negative output scenarios correctly (though none arise in this simulation).

[bookmark: _Toc233294547][bookmark: _Toc233322743]1.5 Task E: Calculate Efficiency Score
[bookmark: _Toc233322744]1.5.1 How the Code Works
An EfficiencyScore column is appended to production_data. The maximum possible output is derived from the formula at its theoretical ceiling: BASE_OUTPUT /(NUM_UTILITIES + NUM_TEAMS) + 5 = 40 * 11 + 5 = 445. Each row’s score is then (Output / MAX_OUTPUT) * 100, rounded to two decimal places using round().
Two separate loops are used: the first computes raw scores, the second applies rounding. This mirrors the structure required when no vectorisation is permitted.
[bookmark: _Toc233322745]1.5.2 Flowchart
[image: ]

Figure 5- Calculate Efficiency Score
[bookmark: _Toc233322746]1.5.3 Testing
Boundary values were checked: the minimum expected output is 40*(1+1)−5 = 75, giving a score of (75/445)*100 ≈ 16.85%. The maximum is 40*(6+5)+5 = 445, giving exactly 100%. Both were confirmed to appear correctly in the output. Intermediate rows were spot-checked against manually computed scores to confirm the formula was applied correctly.
[bookmark: _Toc233294548][bookmark: _Toc233322747]2. Reflection
This assignment appeared simple at first — generating data, summarising results, and identifying anomalies — but the requirement to use loops instead of R’s built-in vectorised functions made me think more deeply about how these higher-level operations work internally.
The most challenging part was Task 1C, which focused on anomaly detection. My initial approach was to use subset() to extract the required day-utility combinations, but this was not allowed under the assignment rules. Instead, I created an inner loop that collected matching values into a growing vector using c(). Although this produced the correct results, it highlighted performance issues. When testing the full 900-row dataset, I realised that repeatedly scanning the data through nested loops created an O(n²) style process, whereas vectorised methods would normally achieve this much more efficiently in O(n). This showed me the importance of writing scalable code.
Task 1A also improved my understanding of efficiency. I initially considered skipping pre-allocation because the dataset was relatively small, but keeping it helped me understand why it matters. I learned that repeatedly expanding objects such as data frames through operations like rbind() requires copying data structures, which can become inefficient with larger datasets.
Task 1D introduced an important logical concept when calculating peak productivity days. Using -Inf as the initial maximum value was safer than starting with 0 or the first observation, because it guarantees that the first valid value will replace the placeholder even when all values are negative. This is a useful programming pattern that applies beyond this specific task.
My testing approach also improved throughout the assignment. Instead of only checking the final output, I began testing smaller data sections, calculating expected results manually, and comparing them with my code. This helped identify an error where I had divided by 5 teams instead of the required 4.
For future work, I would create tests before writing the main code and document loop logic while developing rather than afterwards. I would also simplify Task 1E by performing rounding within the same pass. I did not use generative AI for this assignment; all coding was completed in RStudio using official R documentation as reference.
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