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[bookmark: _Toc233201221]1. Introduction
Data Manipulation is a crucial step in data analysis as it helps in ordering, further processing, and converting raw data into meaningful information. This assignment is based around a Smart City Utilities Operations Simulation, where operational output data is captured and analysed for a simulation of six utility services for a period of 30 days [1]. There were five working teams for each utility service, and a given formula was used to calculate production per day, including the effect of the utility type as well as random environmental variation and the team number. Students were asked to use R programming to create their dataset as well as to calculate the total utility produced, identify the production anomalies or days, find the days with high productivity and finally compute the efficiency scores for the same. 
[bookmark: _Toc232613255][bookmark: _Toc233201222]2. Program Design and Flowchart
The program has been thought out in a sequential manner where each of the tasks builds on the outputs of the previous one. Firstly, production data was introduced for all possible days, utilities, and teams utilizing nested loops. These calculated production values for each utility were summed up to produce the total production [2]. Then anomaly was detected by comparing the outputs of the team with the mixed average of the daily utilities. 
[bookmark: _Toc232613256][bookmark: _Toc233201223]3. Task A – Production Data Generation
The first step was to create the production_data dataframe with details for each utility service, day, and operational team. Thirty days of data were created by three nested loops which looped through the 5 teams, the 6 utilities and the 30 days. A random number between -5 and +5 that represented variation in the environment/operations was randomly generated for each combination. The daily output value was then generated by the formula as outlined in the assignment brief, which involved summing up the base output, the utility contribution, the team contribution and random noise to form the output value [3]. Generated values were added to pre-allocated vectors before being put together as a dataframe with the columns required: Day, Utility, Team, and Output. Testing has been done to ensure correctness in the generation of the data set. The number of rows to be expected is supposed to be 30 x 6 x 5 = 900, but there were exactly 900 in the dataframe. The first 10 lines were checked to ensure the structure was the same as assigned. Every output value was also individually checked against the formula to help account for possible errors throughout the process of working with the formula [4].
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[bookmark: _Toc233199956]Figure 1: Task A output
(Source: Author)
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[bookmark: _Toc233199957]Figure 2: Task A Flowchart
(Source: Author)

Table 1: Testing of Production Data Generation
	Test Case
	Expected Result
	Actual Result
	Status

	Total rows
	30 × 6 × 5 = 900
	900 rows generated
	Pass

	Required columns
	Day, Utility, Team, Output
	All present
	Pass

	First Output calculation
	42
	42
	Pass



[bookmark: _Toc233201224]4. Task B – Total Production per Utility
For the latter, total production output for each utility on each day using all teams had to be calculated. For each (for every) utility in the utility_loops loop, the other loop iterated through each row of the production_data dataframe. If a row was a part of the utility being analysed, the output value had been added to a running total each time. The results were posted in the dataframe, Utility_totals with columns: Utility and TotalOutput.
This testing was performed to ensure that six rows were generated – the six utilities. The totals generated were checked and verified as having coherence and accuracy.
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[bookmark: _Toc233199958]Figure 3: Task B output
(Source: Author)
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[bookmark: _Toc233199959]Figure 4: Task B Flowchart
(Source: Author)

Table 2: Testing of Utility Totals
	Test Case
	Expected Result
	Actual Result
	Status

	Utilities generated
	6
	6
	Pass

	Utility_totals dataframe
	Created
	Created
	Pass

	Utility 1 TotalOutput
	7398
	7398
	Pass



[bookmark: _Toc232613258][bookmark: _Toc233201225]5. Task C – Production Anomaly Detection
The third task was essentially to find anomalies in the generated data set. The program computed the output for each day, each team, and each utility and then the daily averages for each utility. This average was then compared to the output of each team to determine the percentage difference between the teams [5]. If the difference was more than ten percent over the daily average for utilization, the period was called an "anomaly" and a TRUE value was recorded as shown. Otherwise, the record was set to FALSE. The outcome was recorded in the anomalies dataframe, which had the columns of Day, Utility, Team, Output and Anomaly.
In the process of implementation, the inconsistency in the assignment brief was found. The brief stated that each utility had five teams but that each team needs to be divided by four to get an average. To get a mathematically correct average, the implementation divided by the number of teams that were actually present which was 5.
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[bookmark: _Toc233199960]Figure 5: Task C output
(Source: Author)
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[bookmark: _Toc233199961]Figure 6: Task C Flowchart
(Source: Author)

Table 3: Testing of Anomaly Detection
	Test Case
	Expected Result
	Actual Result
	Status

	Anomalies dataframe
	Created
	Created
	Pass

	First anomaly flag
	TRUE
	TRUE
	Pass

	Anomaly values
	TRUE/FALSE
	TRUE/FALSE
	Pass




[bookmark: _Toc232613259][bookmark: _Toc233201226]6. Task D – Peak Productivity Days
For the fourth task, the peak productivity day was identified for each utility service. Each of the utilities was attracted to the program and the overall production each day was determined by adding the production value of all the teams relating to that utility [6]. This was then compared to see which was the highest on a daily basis for each utility. If a larger total was discovered, the program would set the new maximum total and day in memory. At the end of all days assessed, the findings were recorded in a Dataframe, peak_days, which included the columns, Utility, Day, and TotalOutput.
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[bookmark: _Toc233199962]Figure 7: Task D output
(Source: Author)
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[bookmark: _Toc233199963]Figure 8: Task D Flowchart
(Source: Author)

Table 4: Testing of Peak Productivity Days
	Test Case
	Expected Result
	Actual Result
	Status

	Peak days records
	6
	6
	Pass

	Utility 1 Peak Day
	2
	2
	Pass

	Utility 1 TotalOutput
	260
	260
	Pass



[bookmark: _Toc232613260][bookmark: _Toc233201227]7. Task E – Efficiency Score Calculation
This was the fifth task - find an efficiency score for each record in the production_data dataframe. The EfficiencyScore was calculated as Output/P (// sum of Utility + Team). Each row was processed with a loop and the value calculated for each row. The scores from the resulting were saved in a new vector, and then concatenated as new column to the dataframe. This way it is still safe to say that it was calculated as required in the assignment, which was to use loops for manipulating data.
Selected efficiency score calculations were then made "by hand" using the value(s) listed in the output to ensure the accuracy of the results. A new column was then added to the updated dataframe, which was then reviewed to ensure that the new column was added correctly, and that all rows had values that were true efficiency scores.
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[bookmark: _Toc233199964]Figure 9: Task E output
 (Source: Author)
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[bookmark: _Toc233199965]Figure 10: Task E Flowchart
(Source: Author)

Table 5: Testing of Efficiency Score
	Test Case
	Expected Result
	Actual Result
	Status

	EfficiencyScore column
	Added
	Added
	Pass

	First row EfficiencyScore
	21
	21
	Pass







[bookmark: _Toc232613261][bookmark: _Toc233201228]9. Reflection
The practice of developing the data manipulation (DM) techniques in R was useful for this exercise. The biggest challenge was to do something within the confines of the brief. The assignment involved performing all the calculations using loops – typically this would be a time-consuming process, but many functions, like apply, aggregate or rowSums were used to simplify many calculations. This meant that extra work was required to plan an efficient design for the generation of data, totals, anomalies and also for days of maximum productivity [7].
Completing these tasks helped me to strengthen my skills on some of the key data structures that come with dataframe – such as nested loops, conditional statements, dataframe manipulation and systematic testing procedures. I gained a great understanding of checking the outputs, so as not to take their validity for granted when doing calculations [8]. A few records were handchecked to confirm the outputs were related to and equivalent with the required outputs and formulas.
But if I had to do this again, I would spend more time around designing the program, before coding, to determine how the program should run and also use some extra checks for data quality before entering [9]. All output was tested and verified with generative AI being used only as a tool to help to consider requirements and ideas about the approach. This increased self-assurance of programming and problem solving [10].
[bookmark: _Toc232613262][bookmark: _Toc233201229]10. Conclusion
In this assignment, students learned to use R programming language for data manipulation and analysis in a Simulation case of a Smart City - Utilities Operations. The 100% data was created for 30 days of service within 6 services and 5 teams of operators through the application of nested loops. The project emphasized the need for the use of structured programming, testing, and validation of the results. Selected outputs were manually verified to guarantee that calculations were done properly and data calculated was representative of this requirement. 
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# SECTION B: TOTAL PRODUCTION PER UTILITY (10 marks, 1L02)

Create a dataframe "Utility_totals” with columns utility and
Totaloutput. For each Utility, calculate the sum of all outputs across
teams and days, using Toops (no rowsuns/colsuns/aggregate/apply allowed).

NOTE ON BRIEF WORDING: the brief says “sum of all outputs across teams
and sols”. "sols” is not a term used anywhere else in the brief (only
bay, Utility, and Team are defined), so this is treated as a typo for

"days”. Utility_totals therefore holds one grand total per Utility,
summed across every Team and every Day.

# pre-allocate vectors to hold the result: one row per Utility.
utility_id_vector <~ numeric(NW_UTILITY)
total_output_vector <- numeric(NUM_UTILITY)

# outer Toop: go through each utility Ip from 1 to 6.
for (current_utility in 1:NWM_UTILTTY) {

# running_total accumulates the sum of output for this utility,

# across every Day and every Team. Tt must be reset to 0 for each
# new utility.

running_total < 0

# Tnner Toop: scan every row of production_data. If the row belongs
# To the current_utility being processed, add its output to the total.
for (row in 1:nrow(production_data)) {

i (production_datasutilitylrow] — current_utility) {
running_total <- running_total + production_datasoutput (row]
¥

¥

# Store the utility Ip and its corresponding total output.
utility_id_vector [current_utility] <~ current_utility
total_output_vector [current_utility] <- running total

¥

# Build the utility_totals dataframe with the required column names.
Utility_totals <- data.frame(

utility utility_id_vector,

Totaloutput - total_output_vector
)

# pisplay Utility_totals, as required.

car( 5. Utility_totals (total output per urility) \n")
print (Utility_totals)

cat("\n")
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B. Utility_totals (tota
Utility Totaloutput

1 1 7398
2 2 7766
3 3 8245
4 4 8799
5 5 9216
6 6 9617
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# pre-allocate vectors for the anomalies dataframe (same number of rows as
# production_data, since every Day/utility/Team row is checked).
anomaly_day_vector <~ numeric(total_rows)

anomaly_utility_vector < numeric(total_rows)

anomaly_team_vector <~ numeric(total_rows)

anomaly_output_vector <~ numeric(total_rows)

anomaly_flag_vector <~ logical (total_rows)

# anomaly_row_index tracks the current position to fill in the vectors
# above as we loop through Day and utility combinations.
anomaly_row_index <- 1

# outer Toop: each Day.
for (current_day in 1:NUM_DAYS) {

# widdle Toop: each utility, within the current pay.
for (current_utility in 1:NUM_UTILTTY) {

# step 1: calculate the total output for this pay/utility combination,
# by looping through production_data and summing matching rows.
daily_utility_total <- 0

teams_counted <0

For_(row in 1:nrow(production_data)) {
if (production_dataspay[row] — current_day &
production_datasutility(row] — current_utility) {

daily_utility_total <- daily_utility_total + production datasoutput [row]
teams_counted < teams_counted + 1
¥
¥

# step 2: calculate the daily average output for this utility, using
# the actual number of teams found (teams_counted), so the result is
# a genuine arithmetic mean (see note above about the brief's "/4").
daily_utility_average <- daily_utility_total / teams_counted

# Step 3: Toop through each Team again for this bay/utility, compare
# each tean’s output against the daily_utility_average, and flag an
# anomaly if the deviation exceeds 10% of that average.

for (current_team in 1:NUWM_TEAMS) {

# Locate this specific Day/utility/Team row's output value by

# scanning production_data (Toops only, no subsetting shortcuts

# Tike which() combined with aggregate-style functions).

tean_output <- 0

for_(row in 1:nrow(production_data)) {

i (production_datasbay[row] — current_day &

production_datasutilitylrow] — current_utility &
production_datasTean[ron] — current_team) {

team_output <- production_datasoutput [row]
¥
1
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C. First 10 anomalies detected
Day Utility Team Output Anomaly

1 1 1 1 42 TRUE
2 1 1 2 44  FALSE
3 1 1 3 53 TRUE
4 1 1 4 47  FALSE
5 1 1 5 53 TRUE
6 1 2 1 53  FALSE
7 1 2 2 49  FALSE
8 1 2 3 50 FALSE
9 1 2 4 54  FALSE
10 1 2 5 59 TRUE
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#-
# SECTION D: IDENTIFY PEAK PRODUCTIVITY DAYS @10 marks, 1L02)
P

# Requirement: For each utility, identify the pay with the maximum toral
peak_days” with columns

# output (summed across teams). Create a dataframe
# utility, pay, Totaloutpur. Display peak_days.
#

# pre-allocate vectors for the peak_days dataframe: one row per Utility.
peak_utility_vector <~ numeric(NUM_UTILITY)
peak_day_vector <~ numeric(NUW_UTILITY)
peak_total_vector <~ numeric(NUW_UTILTTY)

# outer Toop: process each utility separately.
for (current_utility in 1:NWM_UTILTTY) {

# variables to track the best (maximum) day found so far for this
# Utility. Initialise best_total_so_far to -Inf so that the very First
# day’s total is always guaranteed to be recorded as the current best.
best_day_so_far <~ 0

best_total_so_far <~ -1nf

# widdle Toop: go through each pay for this utility.
for (current_day in 1:NUM_DAYS) {

# calculate the total output across all teams, for this
# Utility/bay combination, by scanning production_data.
day_total <- 0

for_(row in 1:nrow(production_data)) {
i (production_datasutilitylrow] — current_utility &
production_dataspay[row] — current_day) {

day_total <- day_total + production datasoutput [row]
¥
¥

# If this day’s total beats the best one seen so far for this
# Utility, update the tracking variables.
i (day_total > best_total_so_far) {
best_total_so_far <~ day_total
best_day_so_far <~ current_day
¥
¥

# Store the peak day’s details for this utility.
peak_utility_vector [current_utility] <~ current_utility
peak_day_vector [current_utility] <~ best_day_so_far
peak_total_vector [current_utility] ~<- best_total_so_far
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D. peak_days (day of maxi
Utility Day Totaloutput

1 1 2 260
2 2 7 273
3 3 13 288
4 4 20 307
5 5 23 322
6 6 27 335
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#-
# SECTION
£

# Requirement: Add a new column "Efficiencyscore” to production_data,
# calculated as:

CALCULATE EFFICIENCY SCORE (5 marks, 1L02)

#
# Efficiencyscore = output / (Utility + Team)
#

# Display the First 10 rows of the updated dataframe with the new column.
#

# pre-allocate a vector to hold the Efficiencyscore for every row.
efficiency_score_vector < numeric(total_rows)

# single Toop through every row of production_data, calculating the
# Efficiencyscore using the formula specified in the brief.
for (row in L:nrow(production_data)) {

efficiency_score_vector[row] <- production_datasoutput [row] /
(production_datasutilitylrow] + production datasTean(row])
¥

# Add the new column onto production_data.
production_datasefficiencyscore <- efficiency_score_vector

# Display the First 10 rows of the updated dataframe, as required.
cat( E. First 10 rows of production data with Efficiencyscore
print (head (production_data, 10))

cat("\n")
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= E. First 10 rows of production_data wit
Day Utility Team Output Efficiencyscore

1 1 1 1 42 21.000000
2 1 1 2 44 14.666667
3 1 1 3 53 13.250000
4 1 1 4 47 9.400000
5 1 1 5 53 8.833333
6 1 2 1 53 17.666667
7 1 2 2 49 12.250000
8 1 2 3 50 10.000000
9 1 2 4 54 9.000000
10 1 2 5 59 8.428571
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# Total number of rows that will exist in the final dataframe.
ToTal_rows <- NUM_DAYS * NUM_UTILITY * NUM_TEAVS

# pre-allocate empty numeric vectors to hold each column’s data.
# This avoids slow/inefficient row-by-row growth of the dataframe.
day_vector < numeric(total_rows)

utility_vector < numeric(total_rows)

Team_vector < numeric(total_rows)

output_vector <- numeric(total_rows)

# row_index keeps track of which position in the vectors we are filling.
row_index <- 1

# Nested Toop structure: outer loop = Day, middle Tloop = utility,
# inner loop = Team. This ensures every combination of pay, utility, and
# Tean is generated exactly once, matching the dataset structure required.
for (current_day in 1:NUM_DAYS) {

for (current_utility in 1:NWM_UTILTTY) {

For (current_tean in

INUM_TEAMS) [

# Generate the small random fluctuation for this specific
# Day/utility/Tean combination: an integer between -5 and +5.
randon_noise < sample(-5:5, 1)

# Apply the output formula exactly as specified in the brief.
Current_output <- BASE_OUTPUT +

(current_utility * 3) +

(current_tean * 2) +

randon_noise

# Store the values for this row in the pre-allocated vectors.
day_vector [row_index] <~ current_day

utility_vector [row_index] <- current_utility

tean_vector [row_index] <~ current_team

output_vector [row_index] <- current_output

# Move on to Tthe next row position.
row_index <~ row_index + 1
¥
¥
¥

# Combine the four vectors into the final "production data” dataframe,
# with columns named exactly as required by the brief.
production_data <- data. frame(

day_vector,

utility_vector,

Team - team vector,

output = output_vector
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A. First 10 rows of production_data
Day Utility Team Output
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