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[bookmark: _Toc223035844]1. Introduction
Simulation modelling is a vital approach of statistical programming whereby, complicated systems might be defined in an organized form through computational procedures. Simulation enables the experimentation of uncertainty within data-driven environments with controlled experiments and the ability to reproducibly and analytically transparent results. The project is a simulation of an alien colony resource management model and six stations and four crews that have more than thirty sols will be developed and tested in R.
The challenge is to design, manipulate and summarise operational data in terms of loop-based constructs. It does not operate in high-level or vectorised aggregation, but procedural logic, algorithmic reasoning, and explicit control of iteration. The technique solidifies the acquisition of the indexing, accumulating, conditional evaluations procedures in statistical computing.
Its data analysis includes production data creation, production data aggregation at the station level, deviation-based identification of anomalies, maximum days of productivity, and efficiency measure, which is a type of systematic statistical programming activity.
[bookmark: _Toc223035845]2. Conceptual Background and Literature
[bookmark: _Toc223035846]2.1 Statistical Programming and Data Simulation
The development and execution of computational mechanisms to create, manipulate, analyse, and test data is known as statistical programming. Unlike general-purpose programming, it is explicitly oriented to quantitative reasoning, to reproducibility and to structured data workflows. A key feature of the modelling system, in applied analytical problems, and, more broadly, is uncertainty, variability, and stochastic behaviour, which is characteristic of simulation. With simulation, there is the possibility of experimentation wherein artificial data is generated, which meets predetermined assumptions but without restrictions in the real-world during data collection.
The production system in the specified case of modelling implies 30 sols at work, 6 stations, and 4 teams at the station, which translates to 720 observational units. An example of such a base here is 50 that can be complemented by other multipliers such as station-specific and team-specific ones to approximate the determinist component of the output.
Reproducibility is the most important principle of a statistical program. Fixed random seed guarantees that a program will generate the same pseudo-random sequence of numbers each time it is run, and thus can be repeatedly verified and tested. Without reproducibility, simulation-based analysis is not scientifically credible. 
[bookmark: _Toc223035847]2.2 Loop Structures versus Vectorisation in R
In R, logic can either be expressed as explicit iterative code as in for loops or can be expressed as a vector of statements, which call functions on data sets. The reason why computations can be computationally efficient is because low-level languages may off-load computations to internally optimised subroutines, a process called vectorisation. In very high data volumes, even vectorised code can illustrate an improved time complexity, or reduced memory overhead.
The simulated production system has a hierarchical nature that is captured by a three-level nested loop structure that recursively resolves, stations, and teams. Each iteration of the model represents a single observational unit and makes the conceptual agreement between the real-world processes and the computational logic more straightforward.
More costly to run are nested loops that have to re-run 720 times, but offer a pedagogical benefit: familiarity with simple procedural mechanisms: accumulator variables, conditional branching, index management. This trade-off of efficiency vs. interpretability is representative of a more general statistical computing debate between optimisation and the clarity of algorithms. 
[bookmark: _Toc223035848]2.3 Data Validation and Anomaly Detection
Anomalies within a production system are detected using deviation-based measures using metrics based on central tendency. In this simulation, the daily averages of the stations are obtained by summing the product of the four outputs of the teams and dividing them by four to create a local performance standard. Then it conduct a test to see whether the output of a team is a material difference compared to the daily mean of its station at the level of deviation (10 percent).
Absolute proportional deviation ensures that both outlier high and outlier low responses are detected. The trade-off would be reasonable, 10 percent cutoff: it is sensitive enough to include a large range of variation, but not too sensitive to generate too many false positives because of random stochastic variation in the -5 to +5 noise space.
This technique is rule-based anomaly detection in the language of statistical thinking, and not a probabilistic modelling. In spite of more sophisticated methodologies, the percent-deviation rule is more understandable and easier to compute. In structured simulation scenarios, where it is clear who makes decisions, traceability and validation allow that anomalies discovered can be duly explained in the production situation being modeled.
[bookmark: _Toc223035849]3. Methodology and Design Approach
[bookmark: _Toc223035850]3.1 Data Structure Design
In statistics programming, the dataframe is the best data type to deal with structured, tabular data hence dataframe was the main data type. The dataframe is appropriate to accommodate heterogeneous column type and guarantee row integrity, which is needed when there are a large number of attributes that the observational unit needs to be modeled. Each row represents an individual production event and has four variables; Sol (1-30), Station (1-6), Team (1-4) and Output. Not only does that row-level storage reasoning ensure 720 observations (30 × 6 × 4), but also a predictable and deterministic storage logic.
The decision not to use a wide-format layout but to use a long format is a calculative decision, and it is also a conceptual decision. The team or station column can also be wide format, which complicates the aggregation and iteration. Long form retains column semantics, allowing conditional checking and accumulation to be applied to observations uniformly. 
[bookmark: _Toc223035851]3.2 Nested Loop Architecture
The production system is hierarchic; 6 stations and 30 sols per station. This hierarchy was mathematically represented as a three level nested looping pattern where Sol was in the upper level, Station was in the middle level, and Team was in the bottom level. The sequence is affiliated to the time sequence of the system: the daily operations, the station level activity and the team level production. The congruence of the structure also leads to logical clarity since each next sequence is immediately connected to the operation layer of the real world.
Nested loops give an iterative dimension, but do not mathematically obscure the algorithm. The temporal sequencing is regulated by the outer loop and the spatial distribution and the role of the team by the inner circles. Even with repeated exposure (720 times), it is not a very large scale, and it can be analyzed. This was also true of memory usage, as the numeric vectors had already been pre-allocated before the loop had even started, which removes dynamic resizing and overhead. 
[bookmark: _Toc223035852]3.3 Constraint Compliance
Specifically, the assignment restricted the use of the high-level aggregation functions such as apply20 and aggregate() and the creation of custom functions. These limitations were directly respectable such that any computation could be constructed manually using iterative logic. Aggregation operations are not built in the strategy, and it focuses on accumulator variables, conditional evaluation, and explicit indexing.
This will strengthen the conceptual understanding of the calculation of totals, averages and derived measures at elementary level. The design also shows the workings of computing statistics instead of abstracted internal routines. 
[bookmark: _Toc223035853]4. Task 1A – Production Data Generation
[bookmark: _Toc223035854]4.1 Algorithm Explanation
Production data generation cycle would be modelled after structured production output of 30 sols, 6 stations and 4 teams per station thus producing a total of 720 observations. The algorithm begins with a deterministic initial parameter, BaseOutput = 50, the lowest predicted productivity in stable conditions. To achieve controlled variability of +5 to -5 uniform distribution, a discrete random noise element was generated. This stochastic component is limited to ensure natural variation without the occurrence of extremes or non-analytical values.
The equation applied to compute the daily output of production per team was:
Output = 50 + (Station × 3) + (Team × 2) + RandomNoise.
This is a systematic station-and-team variance and not proportional scaling construction. Station multipliers generate incremental structural differences up to 18 units (1-6), and team multipliers generate incremental structural differences up to an additional range of up to 8 units (1-4). Those values were then summed to numeric vectors of pre-defined length one after another and summed up to create a four column data frame of Sol, Station, Team, and Output.
[bookmark: _Toc223035855]4.2 Loop Breakdown
This algorithm made use of 3 nested loops. The outer loop was traveling through (1-30) meaning time. The second loop was replicated by stations (1-6) which presented the spatial distribution. The last cycle moved teams (1-4), which led to the value of production per team. A variable row index in order to ensure the fluent, sequential storing of the values to ensure the structure was homogeneous across the 720 iterations.
[bookmark: _Toc223035856]4.3 Output Verification
Some tests were taken to confirm. The first 10 rows of data frame were initially printed to ensure the structural integrity and logical order. Teams 1, Sol 1, Station 1 were checked manually. It is expected to obtain 50 + (1×3) + (1×2) − 3 = 52, which is the same as the actual 52.
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Figure 1: Production Data Generation Logic
(Source: Drawio)
[bookmark: _Toc223035857]5. Task 1B – Total Production per Station
[bookmark: _Toc223035858]5.1 Aggregation Strategy
Instead of the concept of the vectorised aggregation, explicit iterative accumulation was proposed to give station-level aggregation. A cumulative (total_sum) variable was set at 0 and updated on the condition of station (1-6) as the repetition of the 720 observations. The station identifier was matched with the wanted station and the value of the output that matched the wanted one was added to the accumulator. It is this summation, by hand, which exposes the mechanism of the aggregation operations, and renders the idea of the formation of totals by elements, tangible.
[bookmark: _Toc223035859]5.2 Data Storage Logic
The results were inputted in a new data frame consisting of two rows Station and TotalOutput. There was one station to each row and a total of six sums generated. The given format ensures that there is a clear distinction between unprocessed observational data and statistics at a higher level, which can be subsequently verified and interpreted analytically.
[bookmark: _Toc223035860]5.3 Testing
In testing, certain sums of Station 1 were computed by hand across the first sol and compared to numbers generated by loops. Examples: Station 1 (52, 54, 63, 57) Sol 1 = 226. In order to achieve internal consistency, this validation was done on a sample of sols. Verification of the totals in the stations in addition to giving computational correctness gave a check that the totals in the stations were reasonable as the station multipliers increased in size.
[image: ]
Figure 2: Station-Level Aggregation Process Flow
(Source: Drawio)
[bookmark: _Toc223035861]6. Task 1C – Production Anomalies
[bookmark: _Toc223035862]6.1 Daily Average Calculation
Identification of the anomalies involved two steps of calculation. A summation over all observations was subsequently carried out in the form of addition of results of the four separate teams followed by addition of the total output of each combination of Sol (130) and Station (16) each day. This two-loop design reduced aggregation to one station and day. The accumulator variable was set to zero at the beginning of every Sol-Station combination in order to prevent the carry-over effects.
In the case of obtaining the total production of the four teams, the average production per day per station was arrived at by simply dividing the total production per station by the constant number of four teams. An example of such a team is one whose four outputs are 52, 54 63 and 57 with a total of 226 and an average output of 56.5 per day. This mean was a local performance measure, which could be cross-compared against a team performance.
[bookmark: _Toc223035863]6.2 Deviation Rule Implementation
The performance of each team was reevaluated within the same Sol-Station frame when the average is determined on a per-day basis. The proportional deviation was as follows:
Deviation = |Output − DailyAverage| / DailyAverage.
The absolute value ensured that underperformance and overperformance are balanced and considered accordingly. Anomaly threshold was set at 0.10 (10%). A Boolean flag (TRUE) was appended into a newly created dataframe of anomalies when the deviation exceeded 0.10. 
[bookmark: _Toc223035864]6.3 Logical Decisions
The absolute deviation was used to avoid the directional bias and to balance very large increases and decreases equally. To balance between the ability to detect and the small parameter of noise (-5 to +5) and to reduce false positives, a middle sensitivity of 10 percent was selected as a trade off.
[bookmark: _Toc223035865]6.4 Testing
Testing was by analysis of those to which the daily mean was apparent different. The deviation of the output of 63, anomaly flag, is 63, when it should be 10-percent, the desired deviation.
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Figure 3: Anomaly Detection Decision Framework
(Source: Drawio)
[bookmark: _Toc223035866]7. Task 1D – Peak Productivity Days
[bookmark: _Toc223035867]7.1 Maximum Search Logic
Comparison based updating mechanism was discovered to maximize productivity. Each of the individual stations (1-6) was set to have a variable max_output of negative infinity, thereby allowing it to be overridden by any number that matched a real daily total. It was then run on the 30 sols, identifying daily totals at every station through nested iteration by the algorithm.
The current max_output was next compared with the daily totals. When the new value was larger than the stored maximum, the sol number and the max_output were updated. This implies that the station production value will be the quantity of units that will be produced within a day.
[bookmark: _Toc223035868]7.2 Complexity Consideration
It needs sols, 720 observations and inner iteration on sols, contributing to the cost of computation. It is not optimisation strategy, but on this scale, it can be handled. The logic is dictated by the laws of linear accumulation and comparison, where intelligibility rather than calculational efficiency carries a preference.
[bookmark: _Toc223035869]7.3 Testing
To verify it manually, the daily totals obtained were recalculated and it was checked that the largest of the obtained values was the one used as the sol.
[image: ]
Figure 4: Peak Productivity Identification Process
(Source: Drawio)
[bookmark: _Toc223035870]8. Task 1E – Efficiency Score
[bookmark: _Toc223035871]8.1 Formula Rationale
EfficiencyScore was defined as:
EfficiencyScore = Output / (Station + Team).
It is a term that standardises the output based on factorial input in the overall framework. The contributions of stations and teams are larger and more deterministic and, as their contributions are aggregated, recalculate their performance under structural weighting, a scaled, and not absolute, measure of productivity.
[bookmark: _Toc223035872]8.2 Loop Addition Strategy
The efficiency score was computed as an iterative number based on all the 720 observations. The scores of the rows were computed individually and a numeric vector was pre-allocated as a blank one. This eliminated the possibility of vectorised division and matched the loop-only constraint. After calculating it, the calculated vector was inserted as a new column in the existing dataframe.
[bookmark: _Toc223035873]8.3 Verification
Manual verification confirmed correctness. For Sol 1, Station 1, Team 1, Output = 52 and (1 + 1) = 2, yielding 52 / 2 = 26, matching the computed value.
[image: ]
Figure 5: Efficiency Score Calculation Procedure
(Source: Drawio)
[bookmark: _Toc223035874]9. Testing and Validation Strategy
In order to ensure the provision of both computational and logical integrity in each task systematic testing paradigm was proposed. It was validated by unit-based validation process and individual tasks would be individually validated and would be added to the workflow in the future. A smaller-scale validation was performed to produce the data on a production scale, as a conceptual analysis of one sol with selected combinations of stationteams was used to ensure that the obtained equation of state provided the expected values.
To test edge cases, the test considered cases in which the random noise had extreme values of -5 and +5. These examples kept the outputs in manageable operating ranges and caused the dynamics of the anomaly detection thresholds to respond in a sensible fashion even in a highly diverse environment. Logical consistency checks had also been performed by ensuring that as the station number increased, station totals were increasing equally when the structural multiplier was large and that daily averages were equal to the total output/4 with no left-over differences.
The debugging technique employed was looping and print statements as temporary debugs to trace intermediate values particularly the accumulator variables and the index counters. It started its corrections with the initializing of counters with the correct number of loops, taking into account the possibility of indexing misalignment. 
[bookmark: _Toc223035875]10. Reflection and Critical Evaluation
One of the biggest concerns about 720 observations was that it would avoid using vectorised functions, particularly when working with nested loop constructs and accumulator variables. The debugging was accomplished with the consideration keen to the indexing logic and reassigning of variables to remove carry-over errors. The exercise cemented the understanding of the execution model of R, which is sequential evaluation and memory allocation. The trade-off between transparency and optimisation was highlighted by the awareness of the time complexity and cost of computation. Where AI support, AI support was merely a guide structure and all the reasoning was cross-examined and tested to be correct.
[bookmark: _Toc223035876]11. Conclusion
Interpretation and analysis of structured production data were made possible through simulation of the loop based statistical programming. The procedure reinforced the reasoning of procedural computation, manual aggregation and anomaly detection. Generally, the assignment has shown that more advanced statistical programming environments can also be used with systematic data manipulation and algorithmic lucidity.


[bookmark: _Toc223035877]12. Appendix
Code 1:
# -----------------------------
# TASK A: Generate Production Data
# -----------------------------
set.seed(123)  # for reproducibility
BaseOutput <- 50
# Total rows = 30 sols × 6 stations × 4 teams
total_rows <- 30 * 6 * 4

# Pre-allocate vectors
Sol_vec <- numeric(total_rows)
Station_vec <- numeric(total_rows)
Team_vec <- numeric(total_rows)
Output_vec <- numeric(total_rows)

row_index <- 1
# Nested loops
for (sol in 1:30) {
for (station in 1:6) {
for (team in 1:4) {
RandomNoise <- sample(-5:5, 1)
Output_value <- BaseOutput +
(station * 3) +
(team * 2) +
RandomNoise
Sol_vec[row_index] <- sol
Station_vec[row_index] <- station
Team_vec[row_index] <- team
Output_vec[row_index] <- Output_value
row_index <- row_index + 1
}
}
}
# Create dataframe
production_data <- data.frame(
Sol = Sol_vec,
Station = Station_vec,
Team = Team_vec,
Output = Output_vec
)
# Display first 10 rows
head(production_data, 10)
Output 1: 
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Code 2:
# -----------------------------
# TASK B: Total Production per Station
# -----------------------------
station_totals <- data.frame(
  Station = 1:6,
  TotalOutput = numeric(6)
)
for (station in 1:6) {
  total_sum <- 0
  for (i in 1:nrow(production_data)) {
    if (production_data$Station[i] == station) {
      total_sum <- total_sum + production_data$Output[i]
    } 
  }
  station_totals$TotalOutput[station] <- total_sum
}
station_totals
Output 2: 
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Code 3:
# -----------------------------
# TASK C: Detect Production Anomalies
# -----------------------------
anomalies <- data.frame(
  Sol = numeric(),
  Station = numeric(),
  Team = numeric(),
  Output = numeric(),
  Anomaly = logical()
)
for (sol in 1:30) {
  for (station in 1:6) {
    # Calculate daily total for station
    daily_total <- 0
    for (i in 1:nrow(production_data)) {
      if (production_data$Sol[i] == sol &&
          production_data$Station[i] == station) {
        daily_total <- daily_total + production_data$Output[i]
      }
    }
    daily_avg <- daily_total / 4
    # Check each team
    for (i in 1:nrow(production_data)) {
      if (production_data$Sol[i] == sol &&
          production_data$Station[i] == station) {
        
        deviation <- abs(production_data$Output[i] - daily_avg) / daily_avg
        if (deviation > 0.10) {
          anomalies <- rbind(anomalies,
                             data.frame(
                               Sol = production_data$Sol[i],
                               Station = production_data$Station[i],
                               Team = production_data$Team[i],
                               Output = production_data$Output[i],
                               Anomaly = TRUE
                             ))
        }
      }
    }
  }
}
head(anomalies, 10)
Output 3: 
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Code 4:
# -----------------------------
# TASK D: Identify Peak Productivity Days
# -----------------------------
peak_days <- data.frame(
  Station = numeric(),
  Sol = numeric(),
  TotalOutput = numeric()
)
for (station in 1:6) {
  max_output <- -Inf
  peak_sol <- 0
  for (sol in 1:30) {
    daily_total <- 0
    for (i in 1:nrow(production_data)) {  
      if (production_data$Station[i] == station &&
          production_data$Sol[i] == sol) {
        daily_total <- daily_total + production_data$Output[i]
      } 
    }
    if (daily_total > max_output) {
      max_output <- daily_total
      peak_sol <- sol
    }
  }
  peak_days <- rbind(peak_days,
                     data.frame(
                       Station = station,
                       Sol = peak_sol,
                       TotalOutput = max_output
                     ))
}
peak_days
Output 4: 
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Code 5:
# -----------------------------
# TASK E: Efficiency Score
# -----------------------------
EfficiencyScore_vec <- numeric(nrow(production_data))
for (i in 1:nrow(production_data)) {
  EfficiencyScore_vec[i] <- 
    production_data$Output[i] /
    (production_data$Station[i] + production_data$Team[i])
}
production_data$EfficiencyScore <- EfficiencyScore_vec
head(production_data, 10)
Output 5: 
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