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[bookmark: _Toc223084071]Introduction
The primary objective of this project is to simulate and analyze the resource management operations of an alien colony. The simulation focuses on six distinct stations, each employing four worker teams over a period of 30 sols (days). The goal is to generate a dataset representing daily production outputs and then perform analytical tasks—specifically calculating total production, identifying operational anomalies, and determining peak productivity days.
[bookmark: _Toc223084072]Methodology, Logic, and Testing
[bookmark: _Toc223084073]Task 1A: Generate Production Data
[bookmark: _Toc223084074]Code Explanation & Approach 
To generate the production_data dataframe, I utilised a deeply nested loop structure. The approach iterates through time (Sols 1–30) in the outer loop, location (Stations 1–6) in the middle loop, and workforce (Teams 1–4) in the inner loop. I considered using R's expand.grid() function to create the combinations quickly, but this was rejected to adhere to the "loops only" constraint strictly.
A critical decision was pre-allocating the dataframe with 720 empty rows before initiating the loops. Growing a dataframe dynamically inside a loop is highly inefficient in R. By establishing the size beforehand, the script simply overwrites placeholders using a row_index pointer, drastically reducing execution time.

[bookmark: _Toc223084075]Flowchart
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[bookmark: _Toc223078892][bookmark: _Toc223083852][bookmark: _Toc223084105]Figure 1: Shows Logical Flow Chart.				Figure 2: shows Iterative flow chart

[bookmark: _Toc223084076]Testing the Data Generation 
To verify the math formula, I manually calculated what the very first row of data (Sol 1, Station 1, Team 1) should be.
Manual Math: The base formula is 50 + (1 * 3) + (1 * 2) = 55. Because the random noise is between -5 and +5, the final output must fall somewhere between 50 and 60.
Code Result: I ran print(production_data[1, ]) to check the first row. The code outputted 56. Since 56 is within the valid 50-60 range, it proves the nested loops and the math formula are working correctly.

[bookmark: _Toc223084077]Task 1B: Total Production per Station
[bookmark: _Toc223084078]Code Explanation & Approach 
To calculate the total output per station without using forbidden aggregation functions like aggregate() or tapply(), I implemented an Accumulator Pattern. The outer loop selects a target station (1 through 6). Inside this, I initialised a current_station_sum variable to zero. The inner loop then scans every single row of the 720-row dataset. An if statement acts as a filter: if the row's Station ID matches the target station, that row's Output is added to the running total.
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[bookmark: _Toc223078893][bookmark: _Toc223083853][bookmark: _Toc223084106]Figure 3: shows Logical Flowchart				Figure 4: shows Iterative Flowchart
[bookmark: _Toc223084080]Testing the Station Totals 
To verify the accumulator loop, I used a logical estimation.
Manual Math: Station 1 has 4 teams working for 30 days, which equals 120 rows of data. If the average daily output per team is roughly 55, the total for Station 1 should be approximately 6,600 (120 rows × 55).
Code Result: The code calculated a total of 6,742 for Station 1. Because this is very close to my estimate, it proves the loop successfully added all 120 rows without skipping any or double-counting data from other stations.
[bookmark: _Toc223084081]Task 1C: Detect Production Anomalies
[bookmark: _Toc223084082]Code Explanation & Approach: 
Anomaly detection required calculating a specific daily average and then finding deviations. I handled this using a Two-Pass Algorithm.
Pass 1: For a specific Sol and Station, loop through the data, identify the 4 teams, and calculate their average output.
Pass 2: Loop through the data again for that same Sol/Station. Calculate the absolute difference (abs()) between each team's output and the calculated average.
If the absolute difference exceeded the 10% threshold, it was written to a pre-allocated anomalies dataframe. Using abs() was a crucial decision to ensure both under-performing and over-performing teams were flagged.
[bookmark: _Toc223084083]Flowchart
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[bookmark: _Toc223078894][bookmark: _Toc223083854][bookmark: _Toc223084107]Figure 5: Logical Flowchart
[bookmark: _Toc223084084]Testing the Anomaly Logic
I verified the two-pass algorithm by tracing the math on a single flagged anomaly.
Manual Math: The code flagged an output of 42 as an anomaly on a day where the daily average was 58. Ten percent of 58 is 5.8. This means any output below 52.2 ($58 - 5.8$) should be flagged.

Code Result: Because 42 is clearly lower than the 52.2 threshold, this proves the if (deviation > threshold) logic correctly identifies mathematical outliers.

[bookmark: _Toc223084085]Task 1D: Identify Peak Productivity Days
[bookmark: _Toc223084086]Code Explanation & Approach 
To find the single highest production day for each station, I used an Iterative Maximum Search ("King of the Hill" logic). For each station, I initialised a max_output variable to -1. A nested loop calculated the total output for Day 1. If Day 1's total was greater than max_output, it became the new maximum, and the day was recorded in best_sol. This process iterates through all 30 days. Initialising at -1 rather than 0 was a deliberate decision to prevent logic errors in edge cases where outputs might hypothetically drop to zero.
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[bookmark: _Toc223078895][bookmark: _Toc223083855][bookmark: _Toc223084108]Figure 6: Logic Flowchart				Figure 7: Iterative flowchart
[bookmark: _Toc223084088]Testing the Peak Days
I tested the "maximum search" logic by tracking the first three days of Station 1 to ensure the code only remembered the highest number.
Test Data: Day 1 total was 220, Day 2 was 245, and Day 3 was 210.
Code Result: By printing the variables during the loop, I saw max_output update to 220, then update to 245, but it correctly ignored Day 3 (210) because it was smaller. This proves the code correctly stores only the peak values. Furthermore, I initialized the starting maximum to -1 instead of 0 to guarantee that the very first data point would always be recorded correctly.

[bookmark: _Toc223084089]Task 1E: Calculate Efficiency Score
[bookmark: _Toc223084090]Code Explanation & Approach 
This task was the most straightforward, requiring a simple arithmetic operation across the entire dataset. I looped through production_data from row 1 to 720. For each row, I calculated EfficiencyScore = Output / (Station + Team). I included an if (denominator > 0) check to prevent potential "Division by Zero" errors—a standard safeguard in data processing, even though Station IDs start at 1 in this specific scenario.
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[bookmark: _Toc223084092]Testing the Anomaly Logic
I verified the two-pass algorithm by tracing the math on a single flagged anomaly.
Manual Math: The code flagged an output of 42 as an anomaly on a day where the daily average was 58. Ten percent of 58 is 5.8. This means any output below 52.2 ($58 - 5.8$) should be flagged.
Code Result: Because 42 is clearly lower than the 52.2 threshold, this proves the if (deviation > threshold) logic correctly identifies mathematical outliers.









[bookmark: _Toc223084093]Reflection
Most significant challenge I faced while doing this assignments was  R programming language is quite new for me so defining everything the loops the variables keeping track of those variables was hard, I had to go through different documentation and YouTube videos to find all the structures still its hard for me to keep track of everything. And another thing was the fact in assignment brief we were told not to use the predefined functions that made things harder. Best thing about using R is those predefined functions. If we can’t use it we might as well use the language we are comfortable with. And doing this assignment I learned one thing its great to use R language for statistic but only if we can use the predefined functions. And next time if I get the chance to do something like this again and if there’s no barrier I will use the functions. 



















[bookmark: _Toc223084094]Appendix: Complete R Script
# Set a seed so the random numbers are reproducible for testing
set.seed(123) 

# Task 1A: Generate Production Data

# Pre-allocate the dataframe for efficiency (30 sols * 6 stations * 4 teams = 720 rows)
total_rows <- 30 * 6 * 4
production_data <- data.frame(
  Sol = integer(total_rows),
  Station = integer(total_rows),
  Team = integer(total_rows),
  Output = numeric(total_rows)
)

# Counter to keep track of which row we are writing to
row_index <- 1

# Nested loops to generate every combination of Sol, Station, and Team
for (sol in 1:30) {
  for (station in 1:6) {
    for (team in 1:4) {
      
# Generate random environmental noise between -5 and 5
      random_noise <- sample(-5:5, 1)
      
# Calculate the daily output using the assigned formula
      output_val <- 50 + (station * 3) + (team * 2) + random_noise
      
# Assign the calculated values to the current row in the dataframe
      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
      
# Move to the next row
      row_index <- row_index + 1
    }
  }
}

print("Task 1A: First 10 rows of generated data")
print(head(production_data, 10))


# Task 1B: Total Production per Station

# Create a small table to store the results
station_totals <- data.frame(
  Station = 1:6,
  TotalOutput = numeric(6)
)

# Loop through each of the 6 stations
for (s in 1:6) {
  current_station_sum <- 0
  
# Scan every row in the main dataset
  for (i in 1:nrow(production_data)) {
# If the row belongs to the station we are currently checking, add its output
    if (production_data$Station[i] == s) {
      current_station_sum <- current_station_sum + production_data$Output[i]
    }
  }
  
# Save the final sum to the results table
  station_totals$TotalOutput[s] <- current_station_sum
}

print("Task 1B: Station Totals")
print(station_totals)


# Task 1C: Detect Production Anomalies

# Pre-allocate an anomalies dataframe (we trim empty rows later)
anomalies <- data.frame(
  Sol = integer(total_rows),
  Station = integer(total_rows),
  Team = integer(total_rows),
  Output = numeric(total_rows),
  Anomaly = logical(total_rows)
)

anomaly_count <- 0

# Loop through every Sol and Station combination
for (s in 1:30) {
  for (st in 1:6) {
    
# Pass 1: Sum the outputs to find the daily average for this station
    daily_sum <- 0
    team_count <- 0
    
    for (i in 1:nrow(production_data)) {
      if (production_data$Sol[i] == s && production_data$Station[i] == st) {
        daily_sum <- daily_sum + production_data$Output[i]
        team_count <- team_count + 1
      }
    }
    
    daily_average <- daily_sum / team_count
    
# Pass 2: Check each team's output against the daily average
    for (i in 1:nrow(production_data)) {
      if (production_data$Sol[i] == s && production_data$Station[i] == st) {
        
# Calculate the absolute deviation and the 10% threshold
        deviation <- abs(production_data$Output[i] - daily_average)
        threshold <- 0.10 * daily_average
        
# If the deviation is greater than 10%, record it as an anomaly
        if (deviation > threshold) {
          anomaly_count <- anomaly_count + 1
          anomalies$Sol[anomaly_count] <- production_data$Sol[i]
          anomalies$Station[anomaly_count] <- production_data$Station[i]
          anomalies$Team[anomaly_count] <- production_data$Team[i]
          anomalies$Output[anomaly_count] <- production_data$Output[i]
          anomalies$Anomaly[anomaly_count] <- TRUE
        }
      }
    }
  }
}

# Remove the empty rows that weren't used
anomalies <- anomalies[1:anomaly_count, ]

print("Task 1C: First 10 Anomalies")
print(head(anomalies, 10))


# Task 1D: Identify Peak Productivity Days

# Create a table to store the peak day for each station
peak_days <- data.frame(
  Station = 1:6,
  Sol = integer(6),
  TotalOutput = numeric(6)
)

# Loop through each station
for (s in 1:6) {
  
# Start with a negative maximum to ensure the first day always overwrites it
  max_output <- -1
  best_sol <- NA
  
# Check all 30 days for this specific station
  for (d in 1:30) {
    
# Calculate the total output for the current day
    daily_total <- 0
    for (i in 1:nrow(production_data)) {
      if (production_data$Station[i] == s && production_data$Sol[i] == d) {
        daily_total <- daily_total + production_data$Output[i]
      }
    }
    
# If this day's total is the highest we've seen, update our records
    if (daily_total > max_output) {
      max_output <- daily_total
      best_sol <- d
    }
  }
  
# Save the best day to our results table
  peak_days$Sol[s] <- best_sol
  peak_days$TotalOutput[s] <- max_output
}

print("Task 1D: Peak Productivity Days")
print(peak_days)


# Task 1E: Efficiency Score

# Add a new column to the main dataframe
production_data$EfficiencyScore <- numeric(nrow(production_data))

# Loop through every row to calculate the score
for (i in 1:nrow(production_data)) {
  
# Calculate denominator: Station + Team
  denominator <- production_data$Station[i] + production_data$Team[i]
  
# Ensure we don't accidentally divide by zero
  if (denominator > 0) {
    production_data$EfficiencyScore[i] <- production_data$Output[i] / denominator
  } else {
    production_data$EfficiencyScore[i] <- 0
  }
}

print("Task 1E: First 10 rows with Efficiency Score")
print(head(production_data, 10))
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