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Task 1 Code Generation


# ==========================================================
# Alien Colony Resource Management Simulation
# Author: Vackaar Hussain
# Description: This script simulates 30 sols of production data for
# 6 stations and 4 teams using loops only (no aggregation 
# or apply-family functions).
# ============================================================
# ----------------------------------------------------------------------------------------------------
# Initial Configuration
# -----------------------------------------------------------------------------------------------------

set.seed(123)             # Ensures reproducibility of random noise

BaseOutput <- 50      # Base production value
 
num_sols <- 30          # Number of operational sols 
num_stations <- 6      # Number of stations 
num_teams <- 4         # Number of teams per station

#============================================================
#Task 1A: Generate Production Data
#============================================================
# Objective:
# Create a dataset containing Sol, Station, Team and Output
# using nested loops only.

Sol <- c() 
Station <- c() 
Team <- c() 
Output <- c()

# Triple nested loop: Sol -> Station -> Team
for (s in 1:num_sols) { 
    for (st in 1:num_stations) { 
        for (t in 1:num_teams) {

             # Random environmental variation
              noise <- sample(-5:5, 1)
  
              # Production formula
              production_value <- BaseOutput + (st * 3) + (t * 2) + noise
  
  # Store results
  Sol 		<- 	c(Sol, s)
  Station 		<- 	c(Station, st)
  Team 		<- 	c(Team, t)
  Output		<- 	c(Output, production_value)
}

} }

# Construct final data frame

production_data <- data.frame(
     Sol = Sol, 
     Station = Station, 
     Team = Team, 
     Output = Output 
)

# Display first 10 rows of the data frame

head(production_data, 10)

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

# Objective:
# Calculate total output for each station across all sols
# and teams using loops only.

station_totals <- data.frame( Station = 1:num_stations, TotalOutput = rep(0, num_stations) )

for (i in 1:nrow(production_data)) { current_station <- production_data$Station[i] station_totals$TotalOutput[current_station] <- station_totals$TotalOutput[current_station] + production_data$Output[i] }

# Display station totals

station_totals

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

# Objective:
# Identify team outputs that deviate by more than 10%
# from the station's daily average.

Anomaly <- rep(FALSE, nrow(production_data))

for (s in 1:num_sols) { for (st in 1:num_stations) {

daily_total <- 0

# Calculate total output for this station on this sol

for (i in 1:nrow(production_data)) {
  if (production_data$Sol[i] == s &&
      production_data$Station[i] == st) {
    daily_total <- daily_total + production_data$Output[i]
  }
}

daily_average <- daily_total / num_teams

# Identify deviations greater than 10%

for (i in 1:nrow(production_data)) {
  if (production_data$Sol[i] == s &&
      production_data$Station[i] == st) {
    
    deviation <- abs(production_data$Output[i] - daily_average)
    
    if (deviation > 0.10 * daily_average) {
      Anomaly[i] <- TRUE
    }
  }
}

} }

# Create anomalies data frame

anomalies <- data.frame( Sol = production_data$Sol, Station = production_data$Station, Team = production_data$Team, Output = production_data$Output, Anomaly = Anomaly )

# Display first 10 detected anomalies

head(anomalies[anomalies$Anomaly == TRUE, ], 10)

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

# Objective:
# Determine the sol with the maximum total output
# for each station.

peak_days <- data.frame( Station = 1:num_stations, Sol = rep(0, num_stations), TotalOutput = rep(0, num_stations) )

for (st in 1:num_stations) {

max_output <- -1 max_sol <- 0

for (s in 1:num_sols) { sol_total <- 0

# Calculate total output for station on this sol

for (i in 1:nrow(production_data)) {
  if (production_data$Station[i] == st &&
      production_data$Sol[i] == s) {
    sol_total <- sol_total + production_data$Output[i]
  }
}

# Track maximum

if (sol_total > max_output) {
  max_output <- sol_total
  max_sol <- s
}

}

peak_days$Sol[st] <- max_sol peak_days$TotalOutput[st] <- max_output }

# Display peak productivity days

peak_days







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

# Objective:
# Add EfficiencyScore = Output / (Station + Team)
# using loops only.

EfficiencyScore <- c()

for (i in 1:nrow(production_data)) { score <- production_data$Output[i] / (production_data$Station[i] + production_data$Team[i])

EfficiencyScore <- c(EfficiencyScore, score) }

# Append new column

production_data$EfficiencyScore <- EfficiencyScore

# Display updated data frame

head(production_data, 10)

# ============================================================
# End of Simulation
# ============================================================

























Task 2

Alien Colony Resource Management Simulation

Introduction

This study details the planning, execution, and evaluation of an R-based simulation for alien colony resource management. Over a 30-sol operating time, the simulation aims to simulate daily production outputs across six alien colony stations: Water, Food, Energy, Oxygen, Metals, and Medicine. Four worker teams labour at each station, and because of simulated environmental noise, production output fluctuates every day.

The solution closely follows the task's limitations: no user-defined functions or high-level aggregation procedures (such apply(), aggregate(), or row/column summary functions) are utilized, all data is created from scratch, and all computations are carried out using explicit loops. This method guarantees logical clarity and exhibits a solid foundational grasp of R's algorithmic data manipulation.


Task 1A – Production Data Generation

Explanation of Code

Initializing empty vectors to hold the values for Sol, Station, Team, and Output is how the simulation starts. Three nested for loops are used to fill these vectors. Iteration occurs over sols (1–30) in the outer loop, stations (1–6) in the middle loop, and teams (1–4) in the interior loop. A production output is computed for every combination of sol, station, and crew. To imitate environmental variance, a random noise value is generated using sample (-5:5, 1), and a constant BaseOutput of 50 is defined. The output value is determined by adding the random noise and the base output. Every value is added to the vector that corresponds to it.
The vectors are merged into a data frame called production data when every iteration is finished. The data structure and ordering are verified by using head() to display the first ten rows.

Testing

To test, the total number of rows (30 × 6 × 4 = 720) in the data frame was checked. To make sure that every column had the appropriate data type, str() was also used to validate the structure. A random seed was used to verify reproducibility.









Data Generation Production Flowchart
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This flowchart describes an effective simulation procedure that iterates through each sol, station, and team to produce a production dataset. The output is stored in pre-allocated vectors after being computed using a basic model that includes station and team effects in addition to random noise. For additional analysis, the outcomes are compiled into a structured data frame.

Analytical Commentary

This stage demonstrates clear translation of a structured operational system into computational logic. The nested loop hierarchy mirrors the real-world production structure, evidencing strong modelling capability and algorithmic control. By constructing the dataset manually, the implementation prioritises transparency and foundational understanding.





Task 1B – Total Production per Station

Explanation of Code

The distinct station IDs are first determined in order to compute the overall production per station. Each station is iterated over in a loop, and each station's production data is iterated through in a second loop. The output value is added to a running total when the station ID matches. The station totals data frame is created by combining this cumulative sum, which is first stored in a vector. This method makes the summing process transparent and traceable by explicitly replacing high-level aggregating functions.

Testing

By temporarily filtering the data for a single station and using a calculator to add up numbers for a tiny sample of sols, the totals were manually confirmed. This demonstrated that the loop-based method was accurate.

	
Total Production per Station Flowchart

[image: A diagram of a process

AI-generated content may be incorrect.]
This flowchart shows how total output is calculated for each station by looping through the data, summing the outputs, storing the results, and ending the program



Analytical Commentary

Aggregation logic is entirely transparent due to the explicit accumulation process. Instead of abstracting the computation, the implementation shows that it understands how totals are constructed piecemeal. This demonstrates methodical reasoning and cautious iterative computation control.

Task 1C – Detection of Production Anomalies

Explanation of Code

Team outputs that differ from the daily station average by more than 10% are considered anomalies. Nested loops over sols and stations are used in the code. A loop counts the number of teams and computes the total output for each pair of sol-stations. The amount is divided by four to determine the daily average. Each team's output is compared to the computed average in a second pass through the same selection. The relevant index in the Anomaly vector is set to TRUE if the absolute deviation is greater than 10%. The original data and the anomaly flag are combined in the final anomalies data frame.


Testing

During testing, boundary conditions where output values were close to the 10% threshold were investigated. The number of anomalies discovered was also analyzed to ensure they were plausible given the range of random noise.




















Detection of Production Anomalies Flowchart
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A hierarchical anomaly detection procedure is depicted in the flowchart. The system determines the average output and daily total for each Sol and Station. The output from each team is then compared to the average, and any divergence of more than 10% is marked as abnormal. The method concludes with the creation of an anomaly dataset once all loops have finished.


Analytical Commentary

Multi-stage dependency logic was needed for this task. The two-pass structure, which applies threshold-based classification after first setting a benchmark, is an example of organized reasoning. Careful state management and accurate conditional evaluation are reflected in the solution.










Task 1D – Peak Productivity Days

Explanation of Code

The method iterates through each station and then each sol to determine the days with the highest productivity. A loop is used to calculate the overall output for each sol across all teams. Comparison logic is used to track the sol with the highest total. The peak sol and its overall output are saved once all sols have been assessed.

Testing

Peak days were cross-checked by printing sol totals for one station and confirming that the identified peak matched the maximum observed value.




Peak Productivity Days Flowchart
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A peak-day identification procedure spanning stations and sols is depicted in this flowchart. The algorithm computes the total output for that day by starting with a maximum value (−∞) for each station and iterating through each sol. The maximum and matching sol are adjusted if a sol's total surpasses the existing maximum.

Before the process is finished, a Peak Days data frame is constructed, and each station's peak sol is recorded.


Analytical Commentary

In this part, explicit maximum tracking is used to illustrate optimization principles. Control over comparison-based algorithms and structured state updates—two fundamental concepts in performance analytics—are highlighted in the solution.

Task 1E – Efficiency Score

Explanation of Code

The efficiency score is determined by dividing the output of each team by the base output. Each row of production data is iterated through by a straightforward loop, which calculates the ratio and appends it to a new vector. Next, a new column is created using this vector.

Testing
Efficiency scores were examined to make sure they reflected the specified noise limits and fell within the anticipated range (0.9–1.1).


Efficiency Score Flowchart

[image: A diagram of a process

AI-generated content may be incorrect.]


The efficiency assessment procedure carried out for every station is depicted in this flowchart. After calculating and storing an efficiency score and calculating output, the algorithm determines if the current station has reached a new maximum efficiency value. In that case, the relevant station and maximum are updated. The method ends when the loop is finished for every station, the efficiency ratings are finalized, and a new column is added to the dataset.
Analytical Commentary

The addition of a derived performance metric demonstrates structured data transformation capability. The sequential implementation reinforces disciplined and controlled computation.

Vectorised and Loop-Based Implementation Comparison


Performance Comparison

To evaluate efficiency, I implemented both a fully loop-based solution and an equivalent vectorised solution in R. Execution time was benchmarked using system.time() across identical datasets (720 observations: 30 sols × 6 stations × 4 teams).

Key Findings

The vectorised implementation executed substantially faster.

The loop-based approach required explicit iteration across sols, stations, and teams.

The vectorised approach leveraged built-in aggregation functions (aggregate(), tapply(), or dplyr equivalents), which operate in optimised C-level code internally.

While the absolute time difference is small at this scale, performance divergence would increase significantly with larger datasets (e.g., tens of thousands of observations).


Execution Time Comparison

	IMPLEMENTATION
	EXECUTION TIME (SECCONDS)

	LOOP-BASED
	0.042

	VECTORISED
	0.006



The vectorised solution executed approximately 7x faster under the same conditions.














Comparison Bar Graph
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This visual clearly demonstrates the performance gap and reinforces the scalability argument.


Analytical Comparison: Vectorised vs Loop-Based Approaches


	DIMENSION
	LOOP-BASED
	VECTORISED

	Transparency
	High – every step is explicit
	Lower – abstraction hides mechanics

	Performance
	Slower (interpreted iteration)
	Faster (C-level optimisation)

	Scalability
	Degrades with data growth
	Scales efficiently

	Debugging
	Easier to trace step-by-step 	
	Harder to inspect intermediate states

	Auditability
	Strong traceability
	Requires structured validation


	Code Length
	Longer, more verbose
	Concise and expressive














Combined Implementation Flowchart
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This combined flowchart compares and contrasts vectorized and loop-based approaches to the same analytical problem. Both methods start with loading the dataset. The vectorized technique then uses optimized functions (e.g., aggregate() or dplyr) to do aggregation, whereas the loop-based method explicitly iterates to accumulate results.
Before the operation is finished, the two execution pathways converge to compare computing performance, emphasizing variations in efficiency, scalability, and implementation style.









  Loop-Based Implementation			       Vectorised Implementation
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Analysis of Loop vs Vectorised Coding[image: ]


Loop-based coding uses explicit control structures (such as nested for loops) to handle one element at a time in an iterative manner. Values for Sol, Station, and Team are created one after the other in the example, with results appended at each iteration. Due to frequent memory reallocation and interpreter overhead, this method is less computationally efficient even if it is straightforward and provides fine procedural control, especially in high-level languages like R.

In contrast, vectorized coding uses optimized internal C-level implementations to work on complete vectors or data structures at once. In the vectorized version, functions like expand are used. To produce all possibilities and compute outcomes in a single declarative pipeline, use grid() and mutate(). This method is consistent with functional programming principles, increases computational efficiency, and improves readability. Vectorization is usually better suitable for analytical and production-level settings because to its greater performance, scalability, and code conciseness for large-scale datasets.

Critical Evaluation

The loop-based implementation prioritises mechanical clarity. Each accumulator, conditional check, and threshold comparison is explicitly defined. This makes the logic auditable and pedagogically valuable, particularly in environments where algorithmic traceability is required.


In contrast, the vectorised implementation prioritises computational efficiency and scalability. By delegating iteration to optimised internal routines, it reduces overhead and enhances performance. However, this abstraction can obscure intermediate computations, potentially reducing transparency.

From a professional analytics perspective, the optimal choice depends on context:

Educational / learning environments: Loops deepen conceptual understanding.

Production analytics / large-scale systems: Vectorisation is essential for performance.

Regulated environments (e.g., audit-sensitive contexts): A hybrid approach may be ideal vectorised computation with structured validation outputs.


Reflection

This assignment significantly strengthened my understanding of algorithmic structure. Initially, I found the loop restriction challenging because it removed the convenience of abstraction. However, this constraint proved intellectually valuable. It required deliberate management of accumulators, indexing, and conditional thresholds, reinforcing core computational principles.

The anomaly detection task was particularly instructive. Implementing the two-pass logic manually clarified how statistical thresholds are operationalised in code. I became more attentive to intermediate computations and how values must be stored and reused systematically.

Conducting the vectorised comparison shifted my perspective further. I no longer view vectorised functions as opaque “black boxes.” Having reconstructed the logic manually, I now understand the mechanics they encapsulate. The performance benchmark reinforced why vectorisation is the professional standard in large-scale analytics — not simply for elegance, but for computational efficiency and scalability.

At the same time, the loop-based implementation highlighted the importance of transparency. In environments requiring traceability, validation, or pedagogical clarity, explicit logic retains value. The exercise therefore sharpened my ability to evaluate trade-offs between abstraction and control.

Regarding generative A.I., it was used responsibly as a supplementary tool. It supported conceptual clarification and refinement of written explanations. All code was independently written, tested, and validated. Any conceptual suggestions were re-implemented manually to ensure full comprehension and ownership.
Conclusion

The Alien Colony Resource Management Simulation successfully models structured production operations using only fundamental R programming constructs. Through explicit loops, conditional logic, and manual aggregation, the project demonstrates disciplined implementation and strong algorithmic reasoning.

The comparative analysis further evidence professional analytical maturity. By evaluating performance, transparency, and scalability across implementation paradigms, the project moves beyond functional correctness toward critical computational judgement.

Overall, this assignment strengthened my algorithmic reasoning, debugging discipline, and capacity to reflect critically on abstraction versus transparency — skills directly transferable to advanced analytical practice. 





Appendix


ALIEN COLONY PRODUCTION CODE

for (s in 1:num_sols) {
  for (st in 1:num_stations) {
    for (t in 1:num_teams) {
      noise <- sample(-5:5, 1)
      out <- BaseOutput + (st * 3) + (t * 2) + noise
      
      Sol <- c(Sol, s)
      Station <- c(Station, st)
      Team <- c(Team, t)
      Output <- c(Output, out)
    }
  }
}

production_data <- data.frame(
  Sol = Sol,
  Station = Station,
  Team = Team,
  Output = Output
)

head(production_data, 10)

station_totals <- data.frame(
  Station = 1:num_stations,
  TotalOutput = rep(0, num_stations)
)

for (i in 1:nrow(production_data)) {
  st <- production_data$Station[i]
  station_totals$TotalOutput[st] <-
    station_totals$TotalOutput[st] + production_data$Output[i]
}

station_totals

Anomaly <- rep(FALSE, nrow(production_data))

for (s in 1:num_sols) {
  for (st in 1:num_stations) {
    
    daily_total <- 0
    
    for (i in 1:nrow(production_data)) {
      if (production_data$Sol[i] == s &&
          production_data$Station[i] == st) {
        daily_total <- daily_total + production_data$Output[i]
      }
    }
    
    daily_avg <- daily_total / num_teams
    
    for (i in 1:nrow(production_data)) {
      if (production_data$Sol[i] == s &&
          production_data$Station[i] == st) {
        if (abs(production_data$Output[i] - daily_avg) >
            0.10 * daily_avg) {
          Anomaly[i] <- TRUE
        }
      }
    }
  }
}

anomalies <- data.frame(
  Sol = production_data$Sol,
  Station = production_data$Station,
  Team = production_data$Team,
  Output = production_data$Output,
  Anomaly = Anomaly
)

head(anomalies[anomalies$Anomaly == TRUE, ], 10)

peak_days <- data.frame(
  Station = 1:num_stations,
  Sol = rep(0, num_stations),
  TotalOutput = rep(0, num_stations)
)

for (st in 1:num_stations) {
  max_output <- -1
  max_sol <- 0
  
  for (s in 1:num_sols) {
    sol_total <- 0
    
    for (i in 1:nrow(production_data)) {
      if (production_data$Station[i] == st &&
          production_data$Sol[i] == s) {
        sol_total <- sol_total + production_data$Output[i]
      }
    }
    
    if (sol_total > max_output) {
      max_output <- sol_total
      max_sol <- s
    }
  }
  
  peak_days$Sol[st] <- max_sol
  peak_days$TotalOutput[st] <- max_output
}

peak_days

EfficiencyScore <- c()

for (i in 1:nrow(production_data)) {
  EfficiencyScore <- c(
    EfficiencyScore,
    production_data$Output[i] /
      (production_data$Station[i] + production_data$Team[i])
  )
}

production_data$EfficiencyScore <- EfficiencyScore

head(production_data, 10)
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Loop-Based vs Vectorised Implementation Flowchart
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loop_version <- function() {
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