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1. [bookmark: _Toc223087276]Introduction

This report documents how I designed, implemented, and tested a simulation of 30 days (sols) of production data for an alien colony, covering 6 stations and 4 worker teams each sol. The script generates the data from scratch, then manipulates and analyses it using only base R `for` loops.
The constraint, no `apply()`, no `aggregate()`, no high-level summarising functions, wasn’t just an arbitrary rule. Working at the loop level forced me to think about how data is laid out in memory and what those functions are doing under the hood. That understanding shows up directly in the algorithmic choices described below.

Table 1: Algorithm Summary
	Task
	Approach
	Time Complexity
	Space Complexity

	1A
	Pre-allocated nested loops
	O(n), n=720
	O(n)

	1B
	Single-pass accumulation
	O(n)
	O(k), k=6 stations

	1C
	Chunked two-pass
	O(n), constant factor 2
	O(n) for anomalies copy

	1D
	Direct index arithmetic
	O(s×d), s=6, d=30
	O(s)

	1E
	Single-pass division
	O(n)
	O(1) additional



2. [bookmark: _Toc223087277]Task 1A - Generate Production Data

[bookmark: _Toc223087278]2.1 How It Works
The goal is a dataframe called `production_data` with 720 rows,  one for every combination of 30 sols × 6 stations × 4 teams. Each row stores the Sol number, Station number, Team number, and an Output value calculated by:
Output = 50 + (Station × 3) + (Team × 2) + random noise
Random noise is a single integer drawn uniformly from −5 to +5. A seed (`set.seed(2127929)`) is set at the top of the script so the results are reproducible and can be independently verified.

[bookmark: _Toc223087279]2.2 Design Decisions
The first decision was how to build the dataframe inside the loop. The naive approach is to start with an empty dataframe and use `rbind()` to append one row at a time. I chose not to do this. Every call to `rbind()` in R triggers a full copy of the entire dataframe into a new memory location before adding the new row ,  that's R's copy-on-modify behaviour [1]. For 720 rows, that means 720 full copies. The amount of work grows as O(n²) even though the problem only has n rows.
Instead, I pre-allocated the full 720-row dataframe before any loops run, then used a `row_index` counter to fill it position by position. One memory allocation, 720 direct writes ,  O(n).
The loop nesting order (sol → station → team) was also a deliberate choice. Because the data is filled in this exact order, every group of 4 consecutive rows always belongs to the same sol and station combination. Tasks 1C and 1D rely on this layout to jump directly to any group without scanning.
[image: A diagram of a flowchart
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Figure 1: Task 1A Flowchart
[bookmark: _Toc223087280]2.3 Testing
Three independent checks confirm correctness, point verification, For Sol 1, Station 1, Team 1, the formula gives a base of 55 (50 + 3 + 2). With noise in [−5, +5], the output should fall in [50, 60]. The script produced 52 ,  within bounds. Structural check, using only loops to count unique values: 720 rows, 30 unique sols, 6 unique stations, 4 unique teams, 4 rows per sol-station combination ,  all correct. Range check, theoretical minimum output: 50 (Station 1, Team 1, noise −5). Theoretical maximum: 81 (Station 6, Team 4, noise +5). Every row falls within this range

[image: A screenshot of a test
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Figure 2: Task 1A Results and Testing




3. [bookmark: _Toc223087281]Task 1B - Total Production per Station

[bookmark: _Toc223087282]3.1 How It Works
The output is a dataframe called `station_totals` with one row per station, showing the total production across all 30 sols and all 4 teams for that station.

[bookmark: _Toc223087283]3.2 Design Decisions
The obvious approach is a nested loop: for each of the 6 stations, scan all 720 rows looking for a match and accumulate. That gives 6 × 720 = 4,320 comparisons. But the grouping variable here ,  Station ,  is an integer from 1 to 6. It can be used directly as an array index [2].

I used a single-pass approach: iterate once through all 720 rows. For each row, read the Station value and use it directly as the index into the accumulator. No comparisons, no conditional branching ,  just index-based addition. This is exactly the same bucketing logic that `group_by() %>% summarise(sum())` uses internally, but written out explicitly. Total operations: 720.
[image: A diagram of a process flow
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Figure 3: Task 1B Flowchart

[bookmark: _Toc223087284]3.3 Testing
Three independent checks, Station 1 boundary, a separate loop independently summed all Station 1 outputs: 6958, Accumulator result: 6958. Station 6 boundary, same method, Station 6: 8787. Accumulator result: 8787. Testing both ends catches off-by-one errors at the dataset boundaries. Grand total cross-check, sum of all six station totals: 47179, Sum of all 720 individual outputs: 47179. This confirms no rows were double-counted or dropped.
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Figure 4: Task 1B Results and Testing

4. [bookmark: _Toc223087285]Task 1C - Detect Production Anomalies

[bookmark: _Toc223087286]4.1 How It Works
A team's output is flagged as anomalous when it deviates by more than 10% from the daily station average ,  the mean output of all 4 teams at that station on that sol. The result is a copy of `production_data` with an added `Anomaly` column (TRUE/FALSE), and the first 10 flagged rows are displayed.

[bookmark: _Toc223087287]4.2 Design Decisions
There is a sequential dependency in this task: I can't calculate whether Team 1's output is anomalous until I've seen all 4 teams' outputs for that group, because I need the average first. A single pass isn't enough.
The key insight is that the data ordering from Task 1A is already exactly what I need here. Because the loops in Task 1A run sol → station → team, every 4 consecutive rows are one sol-station group. I track position with a `current_idx` pointer and process each group directly [3]:
Pass 1: Sum the 4 outputs at `current_idx` to `current_idx + 3`, divide by 4 to get the daily average.
Pass 2: Check each output against the 10% threshold, set `Anomaly = TRUE` if exceeded.
Advance `current_idx` by 4 and repeat.

The alternative ,  scanning all 720 rows for each of the 180 groups ,  would require up to 129,600 comparisons. The pointer approach uses exactly 720 reads.
The first-10 display loop uses a `found_count` counter with a `break` at 10, and an edge-case guard handles the situation where fewer than 10 anomalies exist in the dataset.
[image: A diagram of a flowchart
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Figure 5: Task 1C Flowchart
[bookmark: _Toc223087288]4.3 Testing
Three independent checks, Point verification, Sol 1, Station 1 outputs: 52, 58, 56, 64. Average = 57.5. 10% threshold = 5.75. Team 4 deviation: |64 − 57.5| = 6.5 > 5.75 → correctly flagged TRUE. Teams 1, 2, 3 deviations: 5.5, 0.5, 1.5 ,  all below threshold → correctly left FALSE. Negative case, Row 2 (Team 2, deviation 0.5) confirmed FALSE in both the manual calculation and the anomaly dataframe. Statistical reasonableness, 43 anomalies found out of 720 rows (6%). Given discrete uniform noise in [−5, +5], this rate is plausible. A rate of 0% would suggest the threshold was set too high; near 100% would suggest a logic error in the comparison.
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Figure 6: Task 1C Results and Testing

5. [bookmark: _Toc223087289]Task 1D ,  Identify Peak Productivity Days

[bookmark: _Toc223087290]5.1 How It Works
For each of the 6 stations, I find the sol with the highest combined output across all 4 teams, and store the results in a dataframe called `peak_days` with columns: Station, Sol, and TotalOutput.

[bookmark: _Toc223087291]5.2 Design Decisions
The naive approach ,  for each station and sol, scan all 720 rows looking for matches ,  would require up to 180 × 720 = 129,600 comparisons. But the data is filled in a fixed, predictable order from Task 1A: each sol occupies 24 consecutive rows (6 stations × 4 teams), and within each sol, each station occupies 4 consecutive rows.
This means the starting row for any sol-station combination can be calculated directly [3]:
start_idx = ((sol − 1) × 24) + ((station − 1) × 4) + 1
This gives O(1) access to any group. From there, 4 reads sum the team outputs. Total reads across all 180 groups: 720 ,  the same as the dataset size.
The maximum tracker is initialised at −Inf rather than 0. This guarantees that any real production value will become the maximum on the first comparison, with no special-case logic needed for the first iteration [3]. Initialising at 0 would silently produce wrong results if outputs were ever negative.
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Figure 7: Task 1D Flowchart


[bookmark: _Toc223087292]5.3 Testing
Three independent checks, Station 1 loop verification, A separate nested loop independently calculated the peak for Station 1 using the same index formula but as a standalone computation. Both found Sol 20 with total output 245. Station 3 cross-check, testing only the first and last stations could hide bugs in the middle. Station 3 was independently verified the same way. Both found Sol 23 with output 269. Sanity check, 6 peak totals are positive. Given the formula's minimum output per team is 50, the minimum possible daily total is 4 × 50 = 200. All values are well above this.
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Figure 8: Task 1D Results and Testing

6. [bookmark: _Toc223087293]Task 1E ,  Calculate Efficiency Score

[bookmark: _Toc223087294]6.1 How It Works
A new column `EfficiencyScore` is added to `production_data` using the formula:
EfficiencyScore = Output / (Station + Team)
A single loop processes all 720 rows, reading Output, Station, and Team for each row and writing the result.
[bookmark: _Toc223087295]6.2 Design Decisions
The new column is pre-allocated as a `numeric()` vector before the loop. Adding a column incrementally inside a loop can trigger the same copy-on-modify penalty as `rbind()` [1] ,  pre-allocating avoids this.
The denominator (Station + Team) has a minimum of 2 (Station 1 + Team 1) and a maximum of 10 (Station 6 + Team 4), so division by zero is impossible within this simulation's parameters. This also means efficiency scores are bounded between 50/10 = 5.0 and 81/2 = 40.5.
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Figure 9: Task 1E Flowchart

[bookmark: _Toc223087296]6.3 Testing
Two independent checks, Point verification, Row 1: Output = 52, Station = 1, Team = 1. Expected: 52 / (1 + 1) = 26. Loop result: 26. And Range validation, a loop found the minimum and maximum scores across all 720 rows: min = 7.1, max = 30.0. Both fall within the theoretical bounds [5.0, 40.5].
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Figure 10: Task 1E Results and Testing

7. [bookmark: _Toc223087297]Reflection
Getting this assignment right meant more than producing correct output. It meant understanding why certain approaches work in R and why others are traps ,  and that turned out to be the most valuable part.
The first thing I had to unlearn was a Python habit. When I'm building something in Python, I grow lists by calling `append()`, and it's cheap, Python pre-allocates extra memory in chunks, so appending is O(1) amortised. I assumed R worked the same way and started Task 1A by growing the dataframe with `rbind()` inside the loop. It wasn't until I read about R's copy-on-modify model that I understood the problem [1]. In R, every `rbind()` copies the entire object before adding anything. For 720 rows, that's 720 copies of a growing dataframe. Once I switched to pre-allocation and index assignment, the approach clicked ,  one allocation, 720 direct writes. That's the single most important R-specific thing I learned from this assignment.
The worst bug came during Task 1D. I had the index formula idea clearly in my head ,  jump directly to the right rows instead of scanning 720 rows for every one of the 180 groups. The formula I wrote used `num_teams` in the wrong position. The script ran fine and produced numbers that looked reasonable. It took writing out the first 30 rows by hand on paper ,  mapping which row index each sol-station combination actually starts at, to see that the formula was wrong. Once I had it drawn out, the fix was obvious: each sol fills `num_stations × num_teams = 24` rows, not `num_teams × num_teams = 16`. This was a direct lesson in the cost of skipping upfront design. A quick sketch of the row layout before writing the code would have caught it immediately.
The script itself changed a lot between the first version and the final one. The original got the algorithms right but had sparse comments, no input validation, and one test per task. By the final version, every section follows the same pattern ,  constants, validation, algorithm, display, testing ,  and there are at least two or three independent tests per task, each targeting a different failure mode. Looking back at both versions, the improvement isn't in what the code does; it's in how clearly it communicates what it's doing and how thoroughly it checks itself.
One adjustment that took some getting used to was R's cultural attitude toward `for` loops. In Python, a loop is perfectly normal. In R, writing an explicit loop is often treated as a sign that you should be using a vectorised function instead. This assignment deliberately inverted that, which turned out to be valuable ,  staying at the loop level forced me to think about what `group_by()` and `summarise()` are actually doing, rather than treating them as black boxes.
I used Gemini as a sounding board during early planning, specifically to think through whether single-pass or nested-loop accumulation was worth the added complexity. All formulas, code, and testing logic were designed and written by me.
If I were starting again, I would derive the index formula on a minimal 2×2×2 dataset ,  2 sols, 2 stations, 2 teams ,  and verify the row positions by hand before scaling up to 30×6×4. It's much easier to catch a wrong formula with 8 rows you can check on paper than with 720 rows where plausible-looking output hides the error.
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9. [bookmark: _Toc223087299]Appendix - R Script

# ============================================================
# Programmer: Daniel Hriscu
# Student ID: 2127929
# Title: Alien Colony Resource Management Simulation
# Module: ACCA7022 - Advanced Statistical Programming
# ============================================================

# ============================================================
# TASK 1A: Generate Production Data
# ============================================================

# Set seed for reproducibility so results can be independently verified
set.seed(2127929)

# Define constants to avoid "magic numbers" in the code.
# Centralising these parameters makes the simulation easy to
# reconfigure and reduces the risk of inconsistent hard-coded values.
base_output  <- 50
num_sols     <- 30
num_stations <- 6
num_teams    <- 4

# INPUT VALIDATION
# Verify simulation parameters are within expected bounds before
# proceeding, to prevent silent logical errors at runtime.
if (base_output <= 0) stop("base_output must be positive")
if (num_sols < 1 || num_teams < 1 || num_stations < 1) {
  stop("Simulation dimensions must be positive integers")
}

# Calculate total expected rows (30 sols * 6 stations * 4 teams = 720)
total_rows <- num_sols * num_stations * num_teams

# Pre-allocate the dataframe with typed vectors.
# This avoids the O(n^2) penalty of growing a dataframe with rbind(),
# which forces R to copy the entire object on every append [1].
production_data <- data.frame(
  Sol     = integer(total_rows),
  Station = integer(total_rows),
  Team    = integer(total_rows),
  Output  = numeric(total_rows)
)

# Populate data using nested loops with a row_index counter.
# The loop order (sol -> station -> team) creates a deterministic
# row layout that later tasks exploit for direct index arithmetic.
row_index <- 1
for (sol in 1:num_sols) {
  for (station in 1:num_stations) {
    for (team in 1:num_teams) {

      # Generate random noise: discrete uniform integer in [-5, +5]
      random_noise <- sample(-5:5, 1)

      # Calculate daily production output using the specified formula
      output_val <- base_output + (station * 3) + (team * 2) + random_noise

      # Assign values directly to the pre-allocated dataframe via row index
      production_data$Sol[row_index]     <- sol
      production_data$Station[row_index] <- station
      production_data$Team[row_index]    <- team
      production_data$Output[row_index]  <- output_val

      # Increment the index for the next iteration
      row_index <- row_index + 1
    }
  }
}

# Display the first 10 rows of the dataframe
cat("\n--- TASK 1A: First 10 Rows of Production Data ---\n\n")
print(head(production_data, 10), row.names = FALSE)

# ============================================================
# TESTING TASK 1A
# ============================================================
cat("\n--- TASK 1A TESTING ---\n")

# TEST 1: Point Verification
cat("Row 1 Output:", production_data$Output[1], "\n")
cat("Expected base (no noise): 55 | Valid range: [50, 60]\n")
cat("Within bounds?",
    production_data$Output[1] >= 50 & production_data$Output[1] <= 60, "\n\n")

# TEST 2: Structural Validation (loop-based unique counting)
unique_sols <- 0
seen_sols <- integer(0)
unique_stations <- 0
seen_stations <- integer(0)
unique_teams <- 0
seen_teams <- integer(0)

for (i in 1:nrow(production_data)) {
  is_new_sol <- TRUE
  if (unique_sols > 0) {
    for (j in 1:unique_sols) {
      if (seen_sols[j] == production_data$Sol[i]) is_new_sol <- FALSE
    }
  }
  if (is_new_sol) {
    unique_sols <- unique_sols + 1
    seen_sols[unique_sols] <- production_data$Sol[i]
  }

  is_new_station <- TRUE
  if (unique_stations > 0) {
    for (j in 1:unique_stations) {
      if (seen_stations[j] == production_data$Station[i]) is_new_station <- FALSE
    }
  }
  if (is_new_station) {
    unique_stations <- unique_stations + 1
    seen_stations[unique_stations] <- production_data$Station[i]
  }

  is_new_team <- TRUE
  if (unique_teams > 0) {
    for (j in 1:unique_teams) {
      if (seen_teams[j] == production_data$Team[i]) is_new_team <- FALSE
    }
  }
  if (is_new_team) {
    unique_teams <- unique_teams + 1
    seen_teams[unique_teams] <- production_data$Team[i]
  }
}

cat("Total Rows:", nrow(production_data), "(Expected: 720)\n")
cat("Unique Sols:", unique_sols, "(Expected: 30)\n")
cat("Unique Stations:", unique_stations, "(Expected: 6)\n")
cat("Unique Teams:", unique_teams, "(Expected: 4)\n")
cat("Rows per Sol-Station combo:", total_rows / (num_sols * num_stations),
    "(Expected: 4)\n\n")

# TEST 3: Range Validation (loop-based min/max)
theoretical_min <- base_output + (1 * 3) + (1 * 2) + (-5)
theoretical_max <- base_output + (num_stations * 3) + (num_teams * 2) + 5

observed_min <- production_data$Output[1]
observed_max <- production_data$Output[1]
for (i in 2:nrow(production_data)) {
  if (production_data$Output[i] < observed_min) observed_min <- production_data$Output[i]
  if (production_data$Output[i] > observed_max) observed_max <- production_data$Output[i]
}

cat("Min Output:", observed_min, "(Theoretical min:", theoretical_min, ")\n")
cat("Max Output:", observed_max, "(Theoretical max:", theoretical_max, ")\n")

all_in_range <- TRUE
for (i in 1:nrow(production_data)) {
  if (production_data$Output[i] < theoretical_min ||
      production_data$Output[i] > theoretical_max) {
    all_in_range <- FALSE
  }
}
cat("All outputs within theoretical bounds?", all_in_range, "\n")


# ============================================================
# TASK 1B: Total Production per Station
# ============================================================

station_totals <- data.frame(
  Station     = 1:num_stations,
  TotalOutput = numeric(num_stations)
)

# SINGLE-PASS ACCUMULATION: O(n) time complexity.
# Rather than a nested approach (outer loop over stations, inner loop
# scanning all rows with an if-condition, giving O(n*k) comparisons),
# we iterate exactly once through 720 rows. Each row's Station ID is
# used as a direct index into the accumulator vector, eliminating all
# conditional branching [2].
for (i in 1:nrow(production_data)) {
  current_station <- production_data$Station[i]
  current_output  <- production_data$Output[i]

  station_totals$TotalOutput[current_station] <-
    station_totals$TotalOutput[current_station] + current_output
}

cat("\n--- TASK 1B: Total Production per Station ---\n\n")
print(station_totals, row.names = FALSE)

# ============================================================
# TESTING TASK 1B
# ============================================================
cat("\n--- TASK 1B TESTING ---\n")

# TEST 1: Boundary Verification (Station 1 and Station 6)
manual_sum_station1 <- 0
manual_sum_station6 <- 0
for (i in 1:nrow(production_data)) {
  if (production_data$Station[i] == 1) {
    manual_sum_station1 <- manual_sum_station1 + production_data$Output[i]
  }
  if (production_data$Station[i] == 6) {
    manual_sum_station6 <- manual_sum_station6 + production_data$Output[i]
  }
}

cat("Station 1 Expected (manual loop):", manual_sum_station1, "\n")
cat("Station 1 Actual   (accumulator):", station_totals$TotalOutput[1], "\n")
cat("Station 1 TEST PASSED?", manual_sum_station1 == station_totals$TotalOutput[1], "\n\n")

cat("Station 6 Expected (manual loop):", manual_sum_station6, "\n")
cat("Station 6 Actual   (accumulator):", station_totals$TotalOutput[6], "\n")
cat("Station 6 TEST PASSED?", manual_sum_station6 == station_totals$TotalOutput[6], "\n\n")

# TEST 2: Cross-Validation (Grand Total)
grand_total_from_stations <- 0
for (s in 1:num_stations) {
  grand_total_from_stations <- grand_total_from_stations + station_totals$TotalOutput[s]
}
grand_total_from_data <- 0
for (i in 1:nrow(production_data)) {
  grand_total_from_data <- grand_total_from_data + production_data$Output[i]
}
cat("Grand Total (station_totals):", grand_total_from_stations, "\n")
cat("Grand Total (production_data):", grand_total_from_data, "\n")
cat("Grand Total TEST PASSED?", grand_total_from_stations == grand_total_from_data, "\n")


# ============================================================
# TASK 1C: Detect Production Anomalies
# ============================================================

anomalies <- production_data
anomalies$Anomaly <- FALSE

# CHUNKED TWO-PASS APPROACH: O(n) total complexity.
# Because the data is deterministically ordered (4 teams per station
# per sol), we process sequential chunks of 4 rows using a pointer.
# Pass 1: aggregate the sum to compute the daily station average.
# Pass 2: evaluate each team against the 10% deviation threshold.
# The mean cannot be known until all 4 values are read, so the
# two-pass design is a sequential dependency, not inefficiency [3].
current_idx <- 1

for (sol in 1:num_sols) {
  for (station in 1:num_stations) {

    # PASS 1: Sum the 4 team outputs to compute the daily average
    daily_sum <- 0
    for (team_offset in 0:(num_teams - 1)) {
      daily_sum <- daily_sum + anomalies$Output[current_idx + team_offset]
    }
    daily_avg <- daily_sum / num_teams

    # PASS 2: Flag teams deviating by more than 10% from the daily average
    for (team_offset in 0:(num_teams - 1)) {
      row_to_check <- current_idx + team_offset
      team_output  <- anomalies$Output[row_to_check]

      if (abs(team_output - daily_avg) > (0.10 * daily_avg)) {
        anomalies$Anomaly[row_to_check] <- TRUE
      }
    }

    current_idx <- current_idx + num_teams
  }
}

cat("\n--- TASK 1C: First 10 Anomalies Detected ---\n\n")

first_10_anomalies <- data.frame(
  Sol = integer(10), Station = integer(10), Team = integer(10),
  Output = numeric(10), Anomaly = logical(10)
)

found_count <- 0
for (i in 1:nrow(anomalies)) {
  if (anomalies$Anomaly[i] == TRUE) {
    found_count <- found_count + 1
    first_10_anomalies$Sol[found_count]     <- anomalies$Sol[i]
    first_10_anomalies$Station[found_count] <- anomalies$Station[i]
    first_10_anomalies$Team[found_count]    <- anomalies$Team[i]
    first_10_anomalies$Output[found_count]  <- anomalies$Output[i]
    first_10_anomalies$Anomaly[found_count] <- anomalies$Anomaly[i]
  }
  if (found_count == 10) break
}

if (found_count < 10) {
  print(first_10_anomalies[1:found_count, ], row.names = FALSE)
} else {
  print(first_10_anomalies, row.names = FALSE)
}

# ============================================================
# TESTING TASK 1C
# ============================================================
cat("\n--- TASK 1C TESTING ---\n")

# TEST 1: Point Verification (Sol 1, Station 1)
test_sum <- 0
for (t in 1:4) test_sum <- test_sum + production_data$Output[t]
manual_avg <- test_sum / 4
threshold  <- manual_avg * 0.10

cat("Sol 1, Station 1 Outputs:",
    production_data$Output[1], production_data$Output[2],
    production_data$Output[3], production_data$Output[4], "\n")
cat("Manual Daily Average:", manual_avg, "\n")
cat("10% Threshold (Allowed Deviation):", threshold, "\n")

for (t in 1:4) {
  dev  <- abs(production_data$Output[t] - manual_avg)
  flag <- dev > threshold
  cat("  Team", t, "| Output:", production_data$Output[t],
      "| Deviation:", dev, "| Anomaly:", flag, "\n")
}

# TEST 2: Negative Case Verification
cat("\nRow 2 Anomaly flag:", anomalies$Anomaly[2],
    "(Expected: FALSE based on manual check above)\n")

# TEST 3: Statistical Reasonableness
total_anomalies <- 0
for (i in 1:nrow(anomalies)) {
  if (anomalies$Anomaly[i]) total_anomalies <- total_anomalies + 1
}
anomaly_rate <- round(total_anomalies / nrow(anomalies) * 100, 1)
cat("Total anomalies flagged:", total_anomalies, "out of", nrow(anomalies), "\n")
cat("Anomaly rate:", anomaly_rate, "%\n")


# ============================================================
# TASK 1D: Identify Peak Productivity Days
# ============================================================

peak_days <- data.frame(
  Station     = 1:num_stations,
  Sol         = integer(num_stations),
  TotalOutput = numeric(num_stations)
)

# DIRECT INDEX ARITHMETIC: For each station, iterate through all 30 sols.
# Instead of scanning the full dataframe, the exact starting row for any
# Sol/Station combination is computed using the deterministic data layout:
#   Index = ((sol-1) * num_stations * num_teams) + ((station-1) * num_teams) + 1
# This allows O(1) random access per chunk, giving O(s*d) total [3].
for (target_station in 1:num_stations) {

  max_output <- -Inf
  best_sol   <- 0

  for (target_sol in 1:num_sols) {
    current_sol_total <- 0

    start_idx <- ((target_sol - 1) * num_stations * num_teams) +
                 ((target_station - 1) * num_teams) + 1

    for (team_offset in 0:(num_teams - 1)) {
      current_sol_total <- current_sol_total +
        production_data$Output[start_idx + team_offset]
    }

    if (current_sol_total > max_output) {
      max_output <- current_sol_total
      best_sol   <- target_sol
    }
  }

  peak_days$Sol[target_station]         <- best_sol
  peak_days$TotalOutput[target_station] <- max_output
}

cat("\n--- TASK 1D: Peak Productivity Days ---\n\n")
print(peak_days, row.names = FALSE)

# ============================================================
# TESTING TASK 1D
# ============================================================
cat("\n--- TASK 1D TESTING ---\n")

# TEST 1: Independent Verification for Station 1 (loop-based)
best_sol_test1   <- 0
best_total_test1 <- -Inf

for (s in 1:num_sols) {
  sol_total <- 0
  idx <- ((s - 1) * num_stations * num_teams) + ((1 - 1) * num_teams) + 1
  for (t in 0:(num_teams - 1)) {
    sol_total <- sol_total + production_data$Output[idx + t]
  }
  if (sol_total > best_total_test1) {
    best_total_test1 <- sol_total
    best_sol_test1   <- s
  }
}

cat("Station 1 Expected Peak Sol:", best_sol_test1, "with Output:", best_total_test1, "\n")
cat("Station 1 Loop Found Sol:   ", peak_days$Sol[1], "with Output:", peak_days$TotalOutput[1], "\n")
cat("Station 1 TEST PASSED?",
    best_sol_test1 == peak_days$Sol[1] && best_total_test1 == peak_days$TotalOutput[1], "\n\n")

# TEST 2: Cross-Validate Station 3
best_sol_test3   <- 0
best_total_test3 <- -Inf

for (s in 1:num_sols) {
  sol_total <- 0
  idx <- ((s - 1) * num_stations * num_teams) + ((3 - 1) * num_teams) + 1
  for (t in 0:(num_teams - 1)) {
    sol_total <- sol_total + production_data$Output[idx + t]
  }
  if (sol_total > best_total_test3) {
    best_total_test3 <- sol_total
    best_sol_test3   <- s
  }
}

cat("Station 3 Expected Peak Sol:", best_sol_test3, "with Output:", best_total_test3, "\n")
cat("Station 3 Loop Found Sol:   ", peak_days$Sol[3], "with Output:", peak_days$TotalOutput[3], "\n")
cat("Station 3 TEST PASSED?",
    best_sol_test3 == peak_days$Sol[3] && best_total_test3 == peak_days$TotalOutput[3], "\n\n")

# TEST 3: Sanity Check
all_positive <- TRUE
for (s in 1:num_stations) {
  if (peak_days$TotalOutput[s] <= 0) all_positive <- FALSE
}
cat("All peak totals > 0?", all_positive, "\n")


# ============================================================
# TASK 1E: Calculate Efficiency Score
# ============================================================

# Pre-allocate the new column as a numeric vector to avoid
# memory fragmentation from incremental column growth [1].
production_data$EfficiencyScore <- numeric(nrow(production_data))

# EDGE CASE ANALYSIS: The denominator (Station + Team) has a theoretical
# range of [2, 10] (min: Station=1+Team=1, max: Station=6+Team=4).
# Division by zero is therefore mathematically impossible within this
# simulation's parameter space. EfficiencyScore is bounded by [5.0, 40.5].
for (i in 1:nrow(production_data)) {
  current_output  <- production_data$Output[i]
  current_station <- production_data$Station[i]
  current_team    <- production_data$Team[i]

  production_data$EfficiencyScore[i] <- current_output / (current_station + current_team)
}

cat("\n--- TASK 1E: First 10 Rows with Efficiency Score ---\n\n")
print(head(production_data, 10), row.names = FALSE)

# ============================================================
# TESTING TASK 1E
# ============================================================
cat("\n--- TASK 1E TESTING ---\n")

# TEST 1: Point Verification (Row 1)
row1_output  <- production_data$Output[1]
row1_station <- production_data$Station[1]
row1_team    <- production_data$Team[1]
manual_efficiency_row1 <- row1_output / (row1_station + row1_team)
loop_efficiency_row1   <- production_data$EfficiencyScore[1]
cat("Row 1 Data: Output =", row1_output,
    ", Station =", row1_station, ", Team =", row1_team, "\n")
cat("Expected Efficiency:", manual_efficiency_row1, "\n")
cat("Loop Calculated:    ", loop_efficiency_row1, "\n")
cat("Row 1 TEST PASSED?", manual_efficiency_row1 == loop_efficiency_row1, "\n\n")

# TEST 2: Range Validation
eff_min <- production_data$EfficiencyScore[1]
eff_max <- production_data$EfficiencyScore[1]
for (i in 2:nrow(production_data)) {
  if (production_data$EfficiencyScore[i] < eff_min) eff_min <- production_data$EfficiencyScore[i]
  if (production_data$EfficiencyScore[i] > eff_max) eff_max <- production_data$EfficiencyScore[i]
}
cat("Min EfficiencyScore:", eff_min, "(Theoretical min: 5.0)\n")
cat("Max EfficiencyScore:", eff_max, "(Theoretical max: 40.5)\n")
cat("All within bounds?", eff_min >= 5.0 & eff_max <= 40.5, "\n")
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--- TASK 1A: First 1@ Rows of Production Data ---

Sol Station Team Output

1 1 1 52
1 1 2 58
1 1 3 56
1 1 4 64
1 2 1 63
1 2 2 59
1 2 3 67
1 2 4 68
1 3 1 64
1 3 2 65

--- TASK 1A TESTING ---
Row 1 Qutput: 52
Expected base (no noise): 55 | Valid range: [50, 60]
Within bounds? TRUE

Total Rows: 720 (Expected: 720)
Unique Sols: 30 (Expected: 30)
Unique Stations: 6 (Expected: 6)
Unique Teams: 4 (Expected: 4)

Rows per Sol-Station combo: 4 (Expected: 4)

Min Qutput: 50 (Theoretical min: 50 )
Max Output: 81 (Theoretical max: 81 )
All outputs within theoretical bounds? TRUE
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--- TASK 1B: Total Production per Station ---

Station TotalOutput
6958
7362
7640
8084
8348
8787

oOouUTh WN PR

--- TASK 1B TESTING ---
Station 1 Expected (manual loop): 6958
Station 1 Actual (accumulator): 6958

Station 1 TEST PASSED? TRUE

Station 6 Expected (manual loop): 8787
Station 6 Actual Caccumulator): 8787
Station 6 TEST PASSED? TRUE

Grand Total (station_totals): 47179
Grand Total (production_data): 47179
Grand Total TEST PASSED? TRUE
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--- TASK 1C: First 10 Anomalies Detected ---

Sol Station Team Output Anomaly

1 1 4 64 TRUE
1 4 1 61 TRUE
1 6 1 65 TRUE
2 1 4 66 TRUE
2 2 1 55 TRUE
4 1 2 52 TRUE
4 2 4 69 TRUE
5 1 1 51 TRUE
5 2 4 67 TRUE
6 4 3 72 TRUE

--- TASK 1C TESTING ---
Sol 1, Station 1 Outputs: 52 58 56 64
Manual Daily Average: 57.5

10% Threshold (Allowed Deviation): 5.75
Team 1 | Output: 52 | Deviation: 5.5 | Anomaly: FALSE
Team 2 | Output: 58 | Deviation: @.5 | Anomaly: FALSE
Team 3 | Output: 56 | Deviation: 1.5 | Anomaly: FALSE
Team 4 | Output: 64 | Deviation: 6.5 | Anomaly: TRUE

Row 2 Anomaly flag: FALSE (Expected: FALSE based on manual check above)
Total anomalies flagged: 43 out of 720
Anomaly rate: 6 %
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--- TASK 1D: Peak Productivity Days ---

Station Sol TotalOutput

1 20 245
2 1 257
3 23 269
4 1 279
5 10 293
6 12 306

--- TASK 1D TESTING ---
Station 1 Expected Peak Sol: 20 with Qutput: 245
Station 1 Loop Found Sol: 20 with Output: 245
Station 1 TEST PASSED? TRUE

Station 3 Expected Peak Sol: 23 with OQutput: 269
Station 3 Loop Found Sol: 23 with OQutput: 269
Station 3 TEST PASSED? TRUE

All peak totals > @? TRUE
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--- TASK 1E: First 10 Rows with Efficiency Score ---

Sol Station Team Output EfficiencyScore

1 1 1 52 26.00000
1 1 2 58 19.33333
1 1 3 56 14.00000
1 1 4 64 12.80000
1 2 1 63 21.00000
1 2 2 59 14.75000
1 2 3 67 13.40000
1 2 4 68 11.33333
1 3 1 64 16.00000
1 3 2 65 13.00000

--- TASK 1E TESTING ---
Row 1 Data: Output = 52 , Station =1 , Team =1
Expected Efficiency: 26
Loop Calculated: 26
Row 1 TEST PASSED? TRUE

Min EfficiencyScore: 7.1 (Theoretical min: 5.0)
Max EfficiencyScore: 30 (Theoretical max: 40.5)
All within bounds? TRUE
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