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2.1 Task 1A 
I created the production_data set in which we grant one row to every three different combinations of Sol, Station and Team. The code reflects the specifications of the brief: BaseOutput is defined as 50, and sols, stations, and teams are defined as 30, 6, and 4, respectively, giving an overall nrows = 30 × 6 × 4 = 720. Four vectors, named Sol, Station, Team and Output, are set to a length of 720 and then filled out through three nested loops that run around Sol, Station and Team. Each combination triggers RandomNoise, which is sampled uniformly on the discrete set, -5 to +5, with sample (-5:5, 1). The Output formula is simply utilised as shown: BaseOutput + (Station -3) +(team -2) +RandomNoise. The final values are then inserted at the current index, which is increased with each iteration. Once the loops are done, the vectors are put together in a data frame under Sol, Station, Team, and Output, and the top ten of the final structure are represented using head (production_data, 10). 
To ensure correct and high-quality implementation, several validation tests were performed. Firstly, the data frame format was verified to have exactly 720 rows, and the columns are in the following sequence Sol, Station, Team, Output. Second, frequencies of the individual dimensions were checked. Sol values fall within the range of 1 and 30, Station values fall within the range of 1 and 6, and Team values fall within the range of 1 and 4. Third, the calculation was conducted at the row level: Output (Station=33) -50-Station (Station=3) – Team (Station=2). The residuals were reviewed and found to lie within the acceptable noise range of [−5,5), confirming that the formula was accurate and the generated data was sound.

[bookmark: _Toc223651514]Figure 1 Constants and testing
The image below shows the setup for constants and testing.
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[bookmark: _Toc223651515]Figure 2 Sample of Code
The image below shows a sample of the code used.
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[bookmark: _Toc223651516]Figure 3 Sample Data
The image below shows the test data used.
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2.1 Task 1B 
Creating a summary data frame called station_totals with two columns, one of which is called Station and the other TotalOutput. It aims to determine the total production output at each station (1-6) per sol (1-30) and per team (1-4). To implement this by iteration, we initialise an integer accumulator vector, say in the form of a vector, totals_by_station, say of length six, with all its entries initialised to zero. The repeat of the process on each row of the frame of production_data. For each iteration, I retrieve the station identifier (st <- production_data$Station[i]) and augment the corresponding accumulator element by the output value of that row (totals_by_station[st] <- totals_by_station[st] + production_data$Output[i]). When the complete data set is processed, all the elements of totals_by_station hold the total output of the individual station in the entire data set. Then I perform a construction of a data frame called station_totals, where station = 1: stations and TotalOutput = totals_by_station, so that a short table can display the results by writing print(station_totals). 
To ensure completeness, I checked that all the sum of all the stations equals to the sum of all the outputs in the original frame of production_data; this is to make sure that all the rows are counted once within a station bucket only. For a more granular check, I temporarily generated a miniature dataset (e.g., sols = 2, stations = 2, teams = 2) and manually summed the outputs per station by inspecting the printed rows. The resulting manual amounts were then checked against the values retrieved in station_totals, thereby verifying the loop logic as well as the accumulator strategy.

[bookmark: _Toc223651518]Figure 5 Task 1B Sample Code
The image below shows a sample of the code used.
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[bookmark: _Toc223651519]Figure 6 Task 1B Sample Data
The image below shows the test data used.
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[bookmark: _Toc223651520]Figure 7 Task 1B Flowchart
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2.1 Task 1C
Task1C builds an anomalies data frame which consists of these attributes: Sol, Station, Team, Output and Anomaly. The algorithm has two different stages and is based solely on repetitive cycles. The first step in the programme is to sum the production outputs of each station per day for each solute, then add the efforts of all four teams. This cumulative value is stored in a 30 × 6 matrix, for example, daily_total [sol, station]. Daily station mean is then obtained by dividing this cumulative amount by the number of teams, giving daily_avg [sol, station] = daily_total [sol, station]/4. In the subsequent pass, the routine iterates over each row of the production dataset, retrieves the pertinent daily mean for the corresponding Sol and Station, and flags an anomaly according to the criterion: Anomaly = TRUE if |Output − daily_avg| > 0.10 × daily_avg; otherwise, FALSE. The data frame containing anomalies is compiled by copying the Sol, Station, Team and Output columns of the production data frame and pasted with the calculated logical length of the logistics vehicle.  To meet the requirement of the specification to display the first ten anomalies identified, the script will scan the anomalies data frame one by one and print the first ten rows as long as the data set has the number of anomalies satisfying the requirement of Anomaly = True (less than ten in case the data set has fewer anomalies).
Tests of logical rules: I ensured that the Anomaly column is filled with true or false and that the deviation rule is applied using the correct Sol-Station average per day as the reference. Consistency tests, I was able to check internal coherence by picking a particular Sol and Station and printing the four team outputs, manually computing the mean (sum / 4), making sure that the anomaly flag of each team is appropriately set. Forced anomaly test (controlled data): I intentionally substituted an output of one team with team (named Sol/Station) with an extreme value (say +30 as compared to the baseline), and then I noted that the row with this anomaly was marked as Anomaly = TRUE, and the other three teams demonstrated the desired behaviour.
[bookmark: _Toc223651521]Figure 8 Task 1C Sample Code
The image below shows a sample of the code used.
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[bookmark: _Toc223651522]Figure 9 Task 1C Sample Data
The image below shows the test data used
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[bookmark: _Toc223651523]Figure 10 Task 1C Flowchart
[image: ]
2.1 Task 1D
In Task1D, each station 1 to 6, the algorithm finds the sol (day) in the 30-day period that maximises aggregate output in all four teams. Three columns, namely Station, Sol and TotalOutput, are created in a dataframe called peak_days). The implementation is done station by station: two scalar variables, max_total (the maximum total found so far daily) and max_sol (the sol at which the maximum is found) are kept. The inner loop is used to run through the sols 1 to 30 and calculate the total of the daily output of the station by adding up the output of the four teams. The refined version, which takes advantage of the previously calculated totals in Task 1C, directly reads the value out of the matrix, daily_total [sol, station], that already has the output summation per team. In case the overall sol of the current sol is more than the max_total, the algorithm changes the current max_total by updating it and giving it to the present sol, which is max_sol. After all sols of a station are analysed the last two items, namely the max_total and the max_sol are added to the dataframe of the peak_days. All stations are processed and after that, the inspection is done by printing the peak_days. 
The code was put to the test with a spot-check by looking at a non-parallel system. In this case, I only solved between a fixed range of indices (say, sols15) and checked that the sol solution returned by the solver is the same as the day with the largest sol total in the sampled indices. Consistency from the column st = 2 of the table peak_days TotalOutput, I have checked that the value at st in the column peak_days TotalOutput =|human|>consistency tests. I have checked that the value at st in the column peak_days TotalOutput = the maximum at the column st of the table daily total, and that the Sol = the row of the table which contains the maximum. Controlled test to test effects of team output augmentation on individual (Sol, Station) pair in a different case, I permanently increased the team outputs of each team by a known amount and inspected that the augmented day was now the peak day on that station, as reported in the file peak_days.
[bookmark: _Toc223651524]Figure 11 Task 1D Sample Code
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[bookmark: _Toc223651525]Figure 12 Task 1D Sample Data
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[bookmark: _Toc223651526]Figure 13 Task 1D Flowchart
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2.1 Task 1E
Task 1E adds a new numeric column, EfficiencyScore, to the production_data, the use of the expression EfficiencyScore = Output/ (Station + Team). The code initially assigns a numeric array (EfficiencyScore) to which the length corresponds to the process of production_data, i.e. 720. It then repeats for each row i in 1 to nrow (production_data) by taking the “I” the elements of Output, Station, and Team and calculating production_data$Output[i]/(production_data$Station[i] + production_data$Team[i]). This is a row-wise process, which is more consistent with the loop-based approach given in the assignment. Once loop is completed the vector is added to the data frame by assigning production_data EfficacyScore=Efficacy Score. In the end, the initial 10 records of the updated data frame are printed using head (production_data, 10), which allows one to view the new column and the four predictors used side-by-side. 
Test calculations: I chose one index (e.g., i = 1) and calculated manually Output / (Station + Team) using the printed values and ensured that the answer matches production_data$EfficiencyScore [1]. Type/validity check: I verified that the appended column is of numeric type and does not contain any missing values (NA). Test on ranges: Since all the values in the Index of EfficiencyOutput will always be non-negative, and the total number of denominators (Station + Team) will always be positive (at least 2), then all the values of EfficiencyScore are expected to be strictly positive; therefore, I made sure that min(production_data$EfficiencyScore) > 0.
[bookmark: _Toc223651527]Figure 14 Task 1E Sample Code
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[bookmark: _Toc223651528]Figure 15 Task 1E Sample Data
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The major challenge that emerged during this assignment was migrating to a purely loop-driven workflow in R Script while still maintaining some of the practices I used in Python and Google Colab. Within the Colab environment, I had grown accustomed to rapid, vectorised operations, to the convenience of third-party library functions, and to the assistance of the notebook AI, all of which enabled a fortuitous pace. This change turned out to be more important than I had predicted: every assignment and every input validation were hidden flaws without vectorisation. Some of my initial errors included adding the row counter in the wrong position, interchanging the Sol/Station/Team loop sequence, and failing to detect minor indexing failures until I noticed the results were slightly out of place.
The debugging process was slower because there were no crashes when errors occurred; they still generated reasonable numbers, which required a tedious process of verifying the logic rather than relying on an instantaneous error message. The initial strange RStudio conventions, such as script execution, the Environment pane, inspection of objects, and printing of output, as evidence that I had initially encountered, took time to acquaint myself with so that I could be confident that things happened and that I could prove anything before I moved to the next step.
Another challenge was that merely remembering how to move between dissimilar software paradigms during contextual changes was a challenge. For instance, I initially conflated the "Run" command in a conventional R script with the "Knit" function in R Markdown, calling for a re‐acquisition of the distinct mechanisms whereby knitr orchestrates code chunk execution versus the line-by-line processing executed in the console.
Having been accustomed to one way of workflow, which was the Colab notebook designed to fit my workflow, a shift to a different interface and interface triggered more friction and significantly slowed my workflow. To counter this, I adopted an integrative approach that involved using a combination of the on-demand assistance of the notebook AI with limited Google searches to quickly find the relevant menu options, keyboard shortcuts, and expected outputs to save my cognitive capacity for the actual programming functionality, as opposed to the idiosyncrasies of tooling.
The major lessons that were learned are the building of nested loops, the goodness of pre-allocating performance and readability, and methodical validation of findings via counting of rows, variables, and residual checks. Also, I developed my writing ability to write code that is markable: consistent use of indents, descriptive names of variables (e.g., daily_total, station_totals, peak_days), and comments to delimit sections of the code. In the future, I would plan to test each module with a small mini dataset first and then scale to the entire 30 by 6 by 4 data set; this would result in manual checking being feasible, and the rework would be significantly reduced.
With the help of the notebook AI Assistant of Google Colab as a more auxiliary tool to transform Pythonic code into syntactically correct R code, hint at more efficient loop forms, and as a tool in the quick generation of test cases, including checking residuals, and within noise metrics on controlled datasets. However, I did not enter the assistant scripts as a result, and the code in every segment was later directly run in RStudio, and the output was checked against expectations, and only changes on which the decision on inclusion could be completely explained and reproduced were included.
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# ACCA7022 Advanced Statistical Programming

# Assessment: Data Manipulation (Task 1 A-F)

Purpose:
1) Simulate Alien Colony daily production data (Sol 1-30)

2) summarise output by station, detect anomalies, find peak days
3) Compute efficiency scores

Constraints (from brief):

- Use Toops for calculations (no apply/aggregate/rowsums/etc.)
- No user-defined functions

SRR R R A

S W N R W

# set seed for reproducible results during development/testing
set.seed(123)

# Constants from the specification
BaseOutput <- 50

sols <- 30

stations <- 6

teams <- 4
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> # Display first 10 rows (requirement)

> print(head(production_data, 10))
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#
# Section B: Total Production per Station (loops only)
# ======

# totals_by_station[st] stores the sum of outputs for a given station
totals_by_station <- integer(stations)

# Loop through every row and add Output to the correct station accumulator
for (i in Ll:nrow(production_data)) {

st <- production_datasstation[i]

totals_by_station[st] <- totals_by station[st] + production_dataSoutput[i]
3

station_totals <- data.frame(
station = 1l:stations,
Totaloutput = totals_by_station
)

# Display station_totals (requirement)
print(station_totals)
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>
> # Display station_totals (requirement)
> print(station_totals)
Station Totaloutput

1 1 7001
2 2 7355
3 3 7723
4 4 8049
5 5 8419
6 6 8800
o
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Initialize totals_by_station[1..6] = 0

FOR each row i in
production_data

st = Station[i]

totals_by_station[st] += Output[i]

Create station_totals dataframe

Print
station_totals
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#
# Section C: Detect Production Anomalies (loops only)

#

# daily_total[s, st] will store the total output for (Sol s, Station st)
daily_total <- matrix(0, nrow = sols, ncol = stations)

for (i in 1l:nrow(production_data)) {

s <- production_data$so1[i]

st <- production_data$station[i]

daily_totalls, st] <- daily_total[s, st] + production_data$output[i]
3

# daily_avgls, st] is the daily station average across 4 teams
daily_avg <- matrix(0, nrow = sols, ncol = stations)
for (s in 1:sols) {
for (st in l:stations) {
daily_avgls, st] <- daily_totalls, st] / teams
3

}

# Anomaly rule: TRUE if deviation > 10% from daily station average
Anomaly <~ logical (nrow(production_data))

for (i in 1l:nrow(production_data)) {
s <- production_data$so1[i]
st <- production_data$station[i]
out <- production_datasoutput[i]

avg < daily_avgls, st
Anomaly[i] <~ (abs(out - avg) > (0.10 * avg))
3

anomalies <- data.frame(
Sol = production_datassol,
Station = production_data$station,
Team = production_dataSTeam,
output = production_datasoutput,
Anomaly = Anomaly
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)

TRUE)

detected <~ 0
firstl0 <- data.frame(Sol=integer(0), Station=integer(0), Team=integer(0), Output=integer(0), Ano
maly=Togical(0))

+
>
> # Display first 10 anomalies detected (Anomaly
>
>

>
> for (i in 1l:nrow(anomalies)) {
+ if (anomaliesS$Anomaly[i]) {
+ firstl0 <- rbind(first10, anomalies[i, 1)
+ detected <- detected + 1
+ if (detected 10 {
+ break
+ 3
+ 3
+ 3
>
> print(first10)

Sol Station Team Output Anomaly
3 1 103 63 TRUE
28 2 104 66 TRUE
73 4 101 53 TRUE
121 6 101 52 TRUE
148 7 14 65  TRUE
165 7 6 1 65  TRUE
232 10 4 4 74 TRUE
233 10 5 1 62 TRUE
236 10 5 4 76 TRUE
241 11 101 51 TRUE

>
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Initialize daily_total[30,6] = 0

FOR each row in production_data

Compute daily_avg[s,st]

FOR each row in production_data

Create anomalies
dataframe
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*

# Section D: Identify Peak Productivity Days (loops only)

*

# For each station, find the Sol with the maximum daily total output
peak_days <- data.frame(

Station = 1:stations,

sol = integer(stations),

Totaloutput = integer(stations)
)

for (st in l:stations) {
max_total <- -Inf
max_sol <- 1

for (s in 1:sols) {
day_total <- daily_totalls, st] # reuse totals from Section C

if (day_total > max_total) {
max_total <- day_total
max_sol <- s
3
3

peak_days$sol[st] <- max_sol
peak_days$Totaloutput[st] <- max_total
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+ 5
>
> # Display peak_days (requirement)
> print(peak_days)
Station Sol Totaloutput

1 1 16 244
2 2 7 255
3 3 1 268
4 4 20 283
5 5 27 294
6 6 1 304
>
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*

calculate Efficiency Score (loops only)

*

# Efficiencyscore = Output / (Station + Team)
Efficiencyscore <- numeric(nrow(production_data))

for (i in 1:nrow(production_data)) {

EfficiencyScore[i] <- production_data$output[i] / (production_data$station[i] + production_data
Team[11)
3

production_data$EfficiencyScore <~ Efficiencyscore
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- production_datasEfficiencyscore <- Efficiencyscore
- # Display first 10 rows of updated dataframe (requirement)
- print(head(production_data, 10))

Sol Station Team output EfficiencyScore

5 1 1 1 52 26.00000
4 1 1 2 54 18.00000
3 1 1 3 63 15.75000
+ 1 1 4 57 11.40000
] 1 2 1 58 19.33333
> 1 2 2 65 16.25000
g 1 2 3 61 12.20000
3 1 2 4 62 10.33333
) 1 3 1 61 15.25000
0 1 3 2 66 13.20000

S

End of Task 1 Script
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Create EfficiencyScore vector

FOR each row i in production_data

Calculate EfficiencyScore[i]

END FOR

Add EfficiencyScore column

Print first 10
rows




