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Introduction
[bookmark: _Toc222837268]1.1 Background to the Simulation
The Alien Colony Resource Management Simulation is a simulated experience of how a hypothetical colony on one of the distant planets would work out. These six stations deal with crucial survival contents: Water, Food, Energy, Oxygen, Metals, and Medicine. Each station has four groups of employees working over thirty sols (days) and output that is quantifiable on a daily basis (Harita et al., 2026). These are critical amenities in an isolated environment where supply chains are few and survival is made subject to sustainability.
This environment is mathematically a chance to express structured production systems using statistical programming techniques. Stochastic components, such as random environmental noise, are introduced to enable generation of controlled, synthetic data to simulate realistic operational variability through simulation (Alhussien and Gulliver, 2024). Statistical programming applies in the formulation of theoretical operation rules into a form of computation model that can be replicated thus helping in systematic analysis, evaluation and interpretation of simulated production behaviour.
[bookmark: _Toc222837269]1.2 Purpose of the Assignment
The purpose of this assignment is to create and implement a full simulative/data manipulation system using R. Specifically, first-principles generation and systematic aggregation of operational data, anomaly detection, and efficiency analysis (Dash, Sahoo and Raghuwanshi, 2023). Its biggest weakness is that it lacks high-level aggregation capabilities such as apply() or aggregate(), but has loop-based code.
This restriction encourages a clearer comprehension of iterative control frameworks, conditional logic and manual information summative processes. The task creates the solution on the basis of simple program constructions, which verifies the concepts underlying statistical programming and contributes to algorithmic thought processing .
[bookmark: _Toc222837270]1.3 Structure of the Report
The analysis rationale and the construction of the adopted R code is then outlined in the report. It then summarizes the testing and validation process to identify accuracy and stability. This is accompanied by critical reflection, including the challenges, lessons learnt, and potentially optimizable. The report concludes with the summary of the key findings and their professional implications.
[bookmark: _Toc222837271]Task 1 – Code Development and Analytical Explanation
[bookmark: _Toc222837272]2.1 Data Generation Using Nested Loops 
The total production dataset was generated in a triple nested loop where Sol (1-30), Station (1-6) and Team (1-4) were repeated successively. The architecture shows the stratified shape of the simulated colony: at any given day when a particular station is active, each station comprises four teams, and each team produces an output. The time flow is defined by the outer loop, the spatial distribution (stations) by the second loop, and the team-level production by the inner loop.
It was decided to use loops in preference to vectorised operations to fulfil the assignment requirement and demonstrate the control of the algorithm explicitly. R can also be vectored fast, and nested loops are more understandable since they are indicative of the logic of data creation step by step .This style is more logical and provides greater traceability to the eye in debugging and validation.
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Figure 1: Data Generation
(Source: Obtained from RStudio)
The formula of the output was defined in direct form as:
Output = BaseOutput + (Station × 3) + (Team × 2) + RandomNoise.
BaseOutput 50 is a production floor and station and team multipliers is a deterministic structural noise (Papadopoulos, 2025). Sample (-5:5, 1) created randomNoise that injected a controlled stochastic variation that added environmental variability.
The datframe was constructed dynamically by adding row at the bottom using rbind. The first ten rows are logical consistency: the larger the station and team identifiers, the larger the production, but minor abnormalities are resolved by randomness.
[bookmark: _Toc222837273]2.2 Station Total Production Calculation 
An accumulation strategy was a loop-based approach that computes the total production per station. Each station was assigned a temporary variable (total_sum) with an initial value of 0 and repeated loops between all rows of production_data. Filter rows were filtered based on the current station identifier, and only meaningful output was combined .
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Figure 2: Production Calculation
(Source: Obtained from RStudio)
This command summation can replicate the characteristics of high-level aggregation tools without violating assignment constraints. The correctness of the calculation was confirmed by looking at the trend of the results. The stations were ordered by total included Station 1 (7001) up to Station 6 (8800). The pattern of this growth corresponds to the formula, according to which the number of new stations can introduce a multiplier of three units in all events of production. This is gradual development, which ensures that there are structural accuracies in the data development, and in the aggregation logic.
[bookmark: _Toc222837274]2.3 Production Anomaly Detection 
The anomalies were identified through estimating the mean output per station per day and the variance at the team level. The algorithm employed a loop and a condition filter to add up all possible combinations of Sol and Station in four teams. This was computed 4 times to determine the daily average station.
The rule of anomaly was that when a team exceeds or falls below the average by over 10 percent, it should be signaled. This threshold was implemented using the absolute difference function:
abs(output_value - daily_average) > 0.10 * daily_average.
Both positive and negative deviations are equally represented depending on their absolute value and there is no directional bias being followed. 
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Figure 3: Anomaly Detection
(Source: Obtained from RStudio)
Each observation was assigned a logical TRUE or FALSE flag and included in the anomalies dataframe. The first ten anomalies are temporary differences between stations and sols, denoted by noise. The deterministic components of the formula are comparatively fixed, and the majority of the deviations are controlled by large random deviations within the set of possible deviations . This confirms that the process of anomaly detection is functioning correctly without affect on the statistical realism.
[bookmark: _Toc222837275]2.4 Peak Productivity Identification 
Peak productivity days were found for each station by identifying the highest overall output of the station on the thirty sols systematically. Two tracking variables, max output and max sol, were set per station, and their limits were set to negative infinity and zero respectively. This -Inf is applied so that the first number calculated daily is automatically higher than the starting point, so that logical error is avoided in comparison and the maximum number tracked can be tracked correctly at the first step .
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Figure 4: Identify Peak Productivity Days
(Source: Obtained from RStudio)
It was then implemented by the algorithm on each sol and combined the output of the four teams in the pertinent station on each day using conditional checks in a loop. Calculations were done on daily totals and compared to the stored max_output. max_output and max_sol were also updated when the new value exceeded the maximum at that point: This explicit process of comparison substitutes the automatic optimisation functions and keeps the iterative logic fully transparent.
The resultant peak_days figures indicate that all stations do not perform equally when it comes to peak performances. Notably, Station 6 had the most total production of 304 on Sol 1 in a single day. This follows the formula of production, the bigger the station identifiers, the bigger the structural multipliers, which are more likely to generate bigger peak outputs.
[bookmark: _Toc222837276]2.5 Efficiency Score Calculation 
The efficiency score was calculated by dividing each of the Output values by the sum of the corresponding Station and Team identifiers. It is a ratio-based performance measure that normalises the performance of production to the structural weighting variables, which can be compared across operation units of different sizes .The metric is designed to deal with the production benefits of the simulation design by incorporating station and team identifiers in the denominator. The first ten observations show that the efficiency decreases slowly with the denominator, which means proportional scaling effects. This additional column verifies the data augmentation and structured performance analysis of the existing dataframe model .
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Figure 5: Calculate Efficiency Score
(Source: Obtained from RStudio)
[bookmark: _Toc222837277]Task 2 – Documentation, Testing and Reflection
[bookmark: _Toc222837278]3.1 Explanation of Code Logic with Flow Structure
[bookmark: _Toc222837279]3.1.1 Overall Program Architecture 
The program is logically and linearly organized such that it cuts across data generation, data manipulation, and finally, data refinements. The first step is the basic dataset (production_data) created by day by day emulating production processes among sols, stations, and teams in a controlled manner. This step marks the start of the data set where analysis will be undertaken.
The second is systematic manipulations of generated data. This includes computing overall output of each station, abnormality in comparison with the degree of deviation, and the most productive days. The dataset generated during the first step is logically built and converted by increments to other operations, being consistent throughout the analysis process .
The final operation adds an efficiency score to the data set, changing the raw measure of production into a performance measure. This sequential structure brings order, modularity and systematically manipulates data in the program.
[bookmark: _Toc222837280]3.1.2 Loop Design Strategy 
Nested loops were used to reflect the hierarchical nature of the simulated system. External, second, and internal loops depict the chronological (Sol), spatial (Station), and work (Team) units, respectively. This hierarchy is similar to the actual stratified organisational structures and offers rational traceability of the data generation.
R has less complex alternatives, such as vectorisation, apply(), or aggregate(), however, they were not selected intentionally. First, the assignment constrained explicitly high-level aggregation functions. Second, the transparency may manifest itself due to the disclosure of all the calculations in a nested loop (Sihler and Tichy, 2024). This is a plain design that is easy to debug and understand the working of the iterative processes.
Other vectorised interpreters would reduce the amount of code, at the expense of intermixing logic between statements. In order to demonstrate algorithmic control, the program might be rewritten to employ manual iteration and conditional checks to enable visualization of the control flow and cumulative operations in statistical programming environments.
[bookmark: _Toc222837281]3.1.3 Data Structure Decisions 
The dataframe was selected as the primary data type since it best covers tabular data and variety of variables. The data required numeric identifiers (Sol, Station, Team) and the result of computed values, and this is the reason why a dataframe is preferable to a matrix whose data are of the same type.
The rbind() command allowed adding rows to the data set by nesting loops. The design is simple to execute in a logical manner, yet it can be memory inefficient as each append operation generates a memory reallocation. However, the performance effect is not critical as the dataset is mid-sized (720 observations).
Memory preallocation or prebinding vectors would allow large-scale simulations to be more scalable. The chosen structure, however, was more about the coherence and fulfillment of the assignment requirements because it offers a clear comparison of the logic of iteration and data storage during the execution of the program.
[bookmark: _Toc222837282]3.1.4 Flowchart Explanation 
The flow chart that comes with the program gives the program a systematic representation. It may begin with a Start node, then an Initialisation step to configure parameters (e.g., BaseOutput and blank dataframes). This is the computing scene.
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The flowchart core consists of the loop structures and the surrounding loops between Sol, Station, and Team levels. Output is calculated and added to the dataset by these loops. After the generation of data, the blocks sequentially describe the conditional processing layers, including station total calculations, anomaly detection through deviation checks, and finding the maximum productivity through maximum comparison logic.
Decision diamonds in anomaly detection are conditional assessments. Calculation or storage steps are represented by the process rectangles. An End node and efficiency score calculation completes the workflow. The hierarchical presentation assists in this logical order of thinking and justifies logical sequence between simulation and analysis.
[bookmark: _Toc222837283]3.2 Testing and Validation Strategy 
[bookmark: _Toc222837284]3.2.1 Manual Testing with Small Dataset 
A simplified scenario, single sol, single station and single team was tested manually to verify accuracy. In this arrangement, the equation becomes:
Output = 50 + (1 × 3) + (1 × 2) + RandomNoise.
The deterministic value is 55 with no random noise. Due to manual determination of outputs, desired outputs were added to the program (e.g., +2 or -3) and program output was compared with expected output. This step had to be made to ensure the accuracy of the arithmetic variant of the production formula .
Division logic on the basis of efficiency score was confirmed by the manual calculation of the selected rows. A comparison of manual calculation and R output indicated that the iterative loops, conditional logic and storage structures were functioning correctly before generalizing to the complete 720-observation data set.
[bookmark: _Toc222837285]3.2.2 Logical Testing of Anomalies 
Mean of selected station-sol combinations were computed on a daily basis to ensure the presence of anomalies. As an example, the sum of the production of the four teams was calculated as the total daily output divided by four. This average was then compared to team performance against 10 percent.
The row would be checked as TRUE when the absolute difference was greater than the threshold. These were calculated manually and evaluated against the anomalies dataframe. At least, validated flags were so theoretically expected, in the sense that the rule of deviation and conditional statements was correctly and uniformly applied.
[bookmark: _Toc222837286]3.2.3 Output Pattern Validation 
Output validation also tested the broader structural patterns. The constant increase between Station 1 and Station 6; this is the production equation station multiplier. This made the consistency of determined factors.  The peak productivity values were cross-validated in such a way that the largest possible values were at least higher than the daily averages in a sensible way. Any negative aberrant tendencies or spikes were not cited to suggest consistent and stable simulation behaviour across stages of calculation.
[bookmark: _Toc222837287]3.3 Critical Reflection 
[bookmark: _Toc222837288]3.3.1 Challenges Encountered 
Some of the key obstacles included the complexity of nested loops, which would be reduced without any loss of logical clarity. The hierarchy was in three levels and the conditional checks and data add statements had to be located accordingly. To begin with, tiny indentation errors caused structural discrepancies.
The second issue was to avoid the prohibited top-level functionalities. Aggregation was to be solved manually by summation rather than aggregation utilities. The interpretation of percentage deviation rules had to be approached with caution by anomaly detecting logic as it was easy to unnecessarily wave the flag due to a falsely-complicated threshold.
[bookmark: _Toc222837289]3.3.2 Learning Outcomes 
The exercise helped to gain insight about the R control structure, particularly the way the iterative loops and conditional branching works. The bakery of the idea of constructing statistical summaries at the simplest level was carried out by manual aggregation.
The practice strengthened the debugging experience as the stepper-by-step verification is carried out, and automated functions are used in this instance. It also heightened the awareness of algorithmic transparency, demonstrating how explicit program organization might support interpretability and logical traceability in statistical programming.
[bookmark: _Toc222837290]3.3.3 Future Improvements 
Scaling would be needed to optimize performance on larger data sets. Recurrent rbind() would also not be particularly efficient; it would prove to be far more efficient to preallocate memory prior to any calculations. Practically, nested loops can be replaced with more scalable and faster vectorisation.
All the code logic and validation have been handwritten and checked by humans even though the explanations were organized with the assistance of the generative AI tools and the academic language was polished accordingly. Another field of evolution is in modular programming and more advanced simulation methods to support more detailed resource management models.
[bookmark: _Toc222837291]Conclusion 
The task could construct and use a complete simulation and data simulation framework in R to model an alien colony resource management system. Using the methodical use of nested loops, the 720 observation dataset was built to simulate the production activity of thirty sols, six stations, and four teams. It was introduced with the severe constraint of not stealing high-level aggregation functions, giving the algorithms a more understandable form, and the iterative processes are controllable by hand.
The following analysis steps indicated systematic data manipulations. The station total gave a steady growth in production between Station 1 and Station 6 that signified a deterministic multiplier presented by the output equation. The fact that there were occasional anomalies, determined by an anomaly detector with a 10% deviation threshold as a measure of constrained random noise, denoted that the stochastic component was indeed operating in a realistic but non-disruptive manner to the general structure. The fact that indicators of station structural performance differences also showed maximum productivity showed that the higher the index, the higher the daily output within the maximum capacity of the station. The analysis has been brought to higher levels by including an efficiency score as compared to just measuring raw production that enables setting up of performance proportions to weighting of the operations.
The project entrenched the importance of systematic programming concepts in statistical modelling within the academic community. The exercise familiarized me with the idea of simple aggregation and repeated calculation using loops and conditional logic. Professional skills in simulating, validating, and analysing structured data on operational activities are directly applied to real life scenarios of resource management, monitoring the industry, and predictive analytics. Overall, the problem-solving, program architecture and critical assessment are structured and in line with Level 7 postgraduate expectations.
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## Create empty dataframe

anomalies <~ data. frame(
sol = integer(),
station - integer(),
Tean - integer(),
output = numericO),
Anonaly = Togical ()

)

## Loop through sols and stations
for (sol in 1:30) {
for (station in 1:6) {

### calculate total for the day (for 4 teams)
daily_total <- 0

for (i in 1:nrow(production_data)) {
if (production_datassol[i] = sol &&
production_datasstation[i] = station) {
daily_total <- daily_total + production_datasoutput[i]

1
1

### Daily average
daily_average <- daily_total / ¢

### Check each team for anomaly

for (i in 1:nrow(production_data)) {
if (production_datassol[i] = sol &&
production_datasstation[i] = station) {

output_value <~ production_datasoutput[i]
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## Create empty dataframe
peak_days <~ data. frame(
station - integer(),

sol = integer(),
Totaloutput = numericO)

)

## Loop through stations
for (station in 1:6) {

max_output <- -Inf
max_sol <- 0

for (sol in

0) {

daily_total <- 0

for (i in 1:nrow(production_data)) {
if (production_datasstation[i] —= station &
production_datassol[i] == sol) {
daily_total <- daily_total + production_datasoutpu

1
1

### Check if current day is maximum
if (daily_total > max_output) {
max_output <- daily_total
max_sol <- sol
¥
¥

### store result
peak_days <~ rbind(

A
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## Add new column
production_datasefficiencyscore <~ numeric(nrow(production_data))

for (i in 1:nrow(production_data)) {
production_datasefficiencyscore[i] <|
production_datasoutput[i] /
(production_datasstation[i] + production_datasTeam[i])

¥

## Display first 10 rows
head (production_data, 10)
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## Nested Toops to generate data
for (sol in 1:30) {
for (station in 1:6) {
for (team in 1:4) {

### Generate random noise between -5 and +5
RandomNoise <- sample(-5:5, 1)

### calculate output
outputvalue <- Baseoutput + (station * 3) + (team * 2) + RandomNoise

### Append row to dataframe
production_data <~ rbind(
production_data,
data. frame(
s01 = sol,
station = station,
Team = team,
output = outputvalue
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#¥ Create empty catarrame
station_totals <- data.frame(
station = 1:6,
Totaloutput = numeric(6)

)

## Loop to calculate totals
for (station in 1:6) {

total_sum <- 0

for (i in 1:nrow(production_data)) {
if (production_datasstation[i] — station) {
total_sum <- total_sum + production_datasoutput[i]
¥
¥

station_totalssTotaloutput [station] <- toral_sum




